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With the advent of new chemicals and their increasing uses in every aspect of our 
life, considerable number of emerging contaminants are introduced to environment yearly. 
Emerging contaminants in forms of pharmaceuticals, detergents, biosolids, and reclaimed 
wastewater can cross plant roots and translocate to various parts of the plants. Long-term 
human exposure to emerging contaminants through food consumption is assumed to be a 
pathway of interest. Thus, uptake and translocation of emerging contaminants in plants are 
important for the assessment of health risks associated with human exposure to emerging 
contaminants. To have a better understanding over fate of emerging contaminants in plants, 
both experimental and modeling studies are necessary. In our studies, various machine 
learning techniques were used to develop models with improved accuracies as compared 
to traditional models. Our results showed that neural network models can considerably 
improve the accuracy of predictions for transpiration stream concentration factor (TSCF) 
and root concentration factor (RCF). With fuzzy logic as another capable machine learning 
technique, it was possible to develop new relationships between chemical properties and 
uptake efficiency. In our experimental studies, the uptake of various organic compounds 
including estriol, bisphenol A, carbamazepine, DEET, lincomycin, acetaminophen, and 
2,4-dinitrotoluene was in a good agreement with predictive models. The moderately 
hydrophobic compounds had the highest TSCF values. However, our findings indicated 
that the role of factors other than physicochemical properties should be taken into account. 
Degradation of chemical compounds and partitioning to plant root constituents other than 
lipids (lignin, cellulose, and protein) are some examples.
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1.1. UPTAKE OF CONTAMINANTS BY PLANTS
With the advent of new chemicals and their growing uses for different purposes, 
most of them and their derivatives end up in soil and water (Teng et al., 2014). These 
chemical compounds can interact with living organisms, and plants as primary producers 
are intentionally or even unintentionally exposed to increasing number of these novel and 
new chemical compounds called emerging contaminants (Pullagurala et al., 2018). The 
emerging contaminants can cross plant roots and translocate to various parts of the plants 
including edible parts. Uptake and translocation o f emerging contaminants is complicated 
and affected by several factors. Thus, the potential impact of plants on the uptake and 
overall translocation o f emerging contaminants is worth detailed scrutiny (Pico et al., 2019; 
Pullagurala et al., 2018). Physicochemical properties o f chemicals have always been 
considered as driving factors in the overall uptake and translocation o f emerging 
contaminants from subsurface into the plants. Lipophilicity as measured by octanol/water 
partitioning (log Kow) is one of the most important physicochemical properties. Multiple 
bodies of work have demonstrated Kow to be the dominant factor the partitioning of 
chemicals between water and plant roots (Burken and Schnoor, 1998; Briggs et al., 1982; 
Dettenmaier et al., 2009; Shone et al., 1974). In contrast to lipophilicity, limited 
understanding has been communicated about the role and importance of other 
physicochemical properties and the development of poly-parameter models is limiting. In 
addition to these properties, the impacts of factors related to soil and plants should also be 
taken into account. The soil properties such as pH can affect the interactions between
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chemicals and plant roots. Partitioning of chemicals between water and plant roots is also 
affected by fundamental materials of plant roots such as lignin, cellulose, and protein. To 
have improved understanding over the role of these factors in the uptake and translocation 
of emerging contaminants in plants, it is necessary to conduct uptake and partitioning 
experiments in which chemicals cover a wide range o f physicochemical properties.
1.2. MEAUREMENT OF PLANT UPTAKE
To measure the uptake and translocation o f environmental contaminants in plants, 
various concentration factors have been developed. These factors compare the 
concentration of chemicals in plant tissues to the concentration of that chemicals in the 
subsurface. Root concentration factor (RCF) is a ratio comparing the concentration of 
chemicals in roots to the corresponding concentration in subsurface (Trapp, 2004). The 
most important factor to assess the uptake efficiency and membrane permeability in plants 
is transpiration stream concentration factor (TSCF), which is a measurement of a 
compound’s ability to passively cross the root membrane (Dettenmaier et al., 2009). These 
two important factors are calculated by Equation (1) and Equation (2), respectively.
RCF = c Shoot, chem ical co n c e n tra tio n  in p la n t ro o ts  
c Media, chem ical co n c e n tra tio n  in e x p o su re  m edium
(1)
c Shoot, chem ical co n c e n tra tio n  in p la n t sh o o t xylem  
c Media, chem ical co n c e n tra tio n  in ex p o su re  m edium
(2)
In addition to these concentration factors, a variety of other concentration ratios 
have been also reported in literature, such as the fruit concentration factor (FCF), grass/soil 
accumulation factor (GSAF), leaf concentration factor (LCF), and stem concentration 
factor (SCF). Bioconcentration factors (BCFs) are used to relate chemical concentrations
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measured in different plant tissues to concentrations in the soil supporting that plants or the 
exposure media. Translocation factor (TF) is used to measure the plants’ potential for the 
translocation o f chemicals from roots to shoots. Multiple research efforts to have been 
undertaken to better understand transmembrane permeability in plants by modeling TSCF 
and other important concentration factors (Dettenmaier, 2008; Pussemier, 1991). Most of 
these studies mainly focus on the physics of the problems, and have several limitations as 
models are plant- or compound-specific. The complexity o f the soil-water-vapor nature of 
the root zone, and the countless combinations of organic compounds and plants result in 
an environmental system that is far complex for accurate modeling through a mechanistic 
approach. While plant and organic chemical interactions have been under intense study for 
almost years (Shone et al., 1974), new mechanistic models have been recently put forth 
(Dettenmeier, 2008). Thus, entirely new approaches to better elucidate this important 
environmental process are required, in particular as the water-food nexus is being globally 
impacted. Water scarcity has been increasing concurrently with food demands, and the 
shortening of the water cycle is increasing the potential for impacting our food supplies. 
Water reuse as irrigation waters is a prime example. Generating new TSCF and RCF values 
through uptake studies is a basic step for developing robust data sets for use in predictive 
models, and enhanced understanding over uptake of chemicals by plants.
1.3. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING
Predictive models have always been useful to address various problems in different 
fields of science and engineering. In particular, environmental models are needed for 
improving our understanding of current environmental cycles and processes, and then
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predicting future impacts of global chances in water use, urbanization, climate change, and 
increasing anthropogenic footprints (new compound generation, increased wastage, and 
synergies of the exposome). Food production and water scarcity at a time o f changes in our 
water, energy, and nutrient cycling are certainly among these complex systems that are in 
need o f improved understanding.
Modeling and other related analyses can be also very useful to investigate the 
uptake and translocation of emerging contaminants in plants, again a very complex and 
dynamic system. Such analyses can be performed using novel intelligent techniques due to 
their advantages over traditional modeling approaches. Artificial intelligence (AI) revolves 
around the use of a set of unambiguous instructions that a computer can perform to solve 
a problem (Russell & Norvig, 2016). AI algorithms are powerful for learning from data 
since they enhance themselves by learning strategies that have worked well in the past. The 
solutions to a problem are obtained through a sequence o f steps often determined by a trial- 
and-error exploration of alternatives using search algorithms (Korf, 1996). Machine 
learning (ML) is an application of AI, which makes a given system able to automatically 
learn and improve from experience without being explicitly programmed (Mitchell et al., 
2013). ML requires searching through data to look for patterns and then it adjusts program 
actions accordingly.
To improve understanding of uptake and translocation of emerging contaminants 
in plants various AI and ML techniques are used in our studies. Neural networks (NN) are 
AI models constructed by a set of connected computational neurons so that each connection 
between neurons transmits a signal from one to another. Each computational neuron 
receives input information, processes the inputs and then send the output to all connected
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neurons (Haykin et al., 2009). Fuzzy logic is another AI technique, which has four main 
components: fuzzification, fuzzy rules, fuzzy inference, and defuzzification (Zadeh, 1988). 
In the first step, crisp inputs (real values) are transformed into fuzzy inputs using 
membership functions. Fuzzy rules are constructed to infer the output based on input 
variables (Tan & Chua, 2007). Fuzzy inference system is responsible for the evaluation of 
fuzzy rules and combination of the results of the individual rules using fuzzy operations. 
Finally, defuzzification of the fuzzy outputs is performed using membership functions to 
obtain final real outputs (Kaur & Kaur, 2012). Neural networks and fuzzy logic are two 
capable techniques to process metadata and come up with robust models by which 
important conclusions can be drawn in terms of understanding uptake o f contaminants with 
emerging concern.
Clustering is an unsupervised machine learning technique, which divides data into 
groups such that objects in the same group are more similar (Guha & Mishra, 2016). 
Clustering algorithms have several applications in different fields to uncover undetected 
relationships in a complex data. Partitional clustering is one of the most popular grouping 
approaches (Wilson et al., 2002). In partitional clustering, the data points are divided into 
a number o f groups, and the goal is to minimize the sum of distances o f all objects in the 
group from the center using similarity measures such Euclidean distance. Clustering 
algorithms can differentiate between plants with different uptake capacities, this open the 
avenues for several important further analyses regarding uptake and translocation of 
emerging contaminants in plants.
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1.4. IMPORTANCE OF PLANT CHEMICAL UPTAKE
Contaminants with emerging concerns have received much attention in recent years 
due to their increasing occurrence in surface waters (Calderon-Preciado et al., 2011). 
Emerging contaminants through the application of reclaimed wastewater for crop 
irrigation, and use o f sewage sludge on agricultural soil can be transferred to the food chain 
directly by uptake into food crops or indirectly following uptake into forage crops (Eggen 
et al., 2013). Human long-term exposure to emerging contaminants has received attention 
in recent years with the detection of these chemicals in blood and breast milk (Karrman et 
al., 2007) and better understanding of emerging pollutants like PFAS (Sharifan et al., 
2021). Considering the possible health risks associated with some of the emerging 
contaminants, which are very toxic and carcinogenic at low concentrations, a deeper look 
at the uptake and translocation of emerging contaminants is necessary for better assessment 
of human health risks. In addition to the food security and human health, uptake and 
translocation o f emerging contaminants in plants is also important for the remediation of 
environmental contaminants. Phytoremediation of emerging contaminants is a cheap and 
environmental friendly approach to remove contaminants from polluted sites However, 
several challenges need to be addressed for an effective removal of contaminants by plants. 
Choosing the right plant species for the removal of emerging contaminants from polluted 
sites is the first challenge for the phytoremediation. Potentially poplars and willows are 
two plant species, which frequently are used for the in-situ decontamination of polluted 
sites (Robinson et al., 2000). However, knowledge is lacking about the difference between 
various plant species in terms of uptake and translocation of emerging contaminants. 
Investigating variability in plants is a basic step to successfully use plants for the removal
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of contaminants from polluted sites, while at the same time understanding the potential for 
trophic level transfer and potential accumulation. For choosing the right species the 
interactions between plants and surrounding environment is important. The toxic impact of 
chemical compounds on the plant is an example, which can affect the removal of 
contaminants (Shahid et al., 2017). Toxic effects of chemicals can lower transpiration rate 
and through lowering plant health criteria decrease the uptake and translocation of 
contaminants. The role degradation is also important since endophytic bacteria (non­
pathogenic bacteria that occur naturally in plants) and rhizospheric bacteria (live on and 
near the roots of plants) can contribute to the biodegradation of the toxic organic 
compounds (McGuinness and Dowling, 2009). Endophytes are microorganisms 
ubiquitously associated with almost all plants that dwell within robust plant tissues by 
having a symbiotic association. Endophytes produce a wide range of compounds, which 
are useful for plant growth and protection to environmental conditions (Nair and 
Padmavathy, 2014).
1.5. GOALS AND OBJECTIVES OF THIS STUDY
The over-arching and long-term goal o f this study is to develop robust and 
intelligent models, which will be useful in the risk assessment associated with consumption 
of crops contaminated by organic compounds. The intelligent models by machine learning 
use physicochemical properties of contaminants significant to uptake and translocation of 
emerging and fugitive organic compounds, with insight to the fundamentals of 
transmembrane migration. The belief is that these intelligent models will significantly 
improve the understanding of uptake and translocation of organic compounds in plants, as
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well as membrane permeability as well. To support the long term goal of the study, three 
main objectives are determined for my work:
Objective 1: Analyze significance of different physicochemical properties for plant 
uptake. Various physicochemical properties such molecular weight, hydrogen bond donor, 
hydrogen bond acceptor, rotatable bonds, polar surface area will be examined and their 
importance will be compared to log Kow. Various statistical analyses such as stepwise 
regression will be conducted to investigate the significance o f physicochemical properties 
for TSCF and RCF. The most significant physicochemical properties will be further 
examined to see if their interaction has impact of the uptake and translocation of 
contaminants by plants. For such analysis, the body of knowledge generated across 
hundreds of studies over decades of global research must be condensed for common use 
and assessment. To perform needed analyses, other machine learning techniques such as 
fuzzy logic and clustering algorithms will be used to examine such complex interactions. 
Fuzzy logic is a capable technique by which it is possible to examine the simultaneous 
effect of several physicochemical properties on the TSCF and RCF. The clustering 
algorithms are useful techniques to group various plant species based on their capabilities 
in the uptake and translocation of emerging contaminants.
Objective 2: Develop intelligent models to predict contaminants at various parts of 
the plants. The model will be based on artificial neural network (ANN) as a capable 
machine learning technique. The ANN will use significant compound properties and 
available metadata to construct predictive model. A part of the all data will be used to train 
ANN, a part for validation, and another for testing the predictive model. Despite high 
abilities of machine learning techniques in many fields, their application for the modeling
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of uptake and translocation is absolutely lacking. The ANN model will significantly 
enhance the accuracy of predicting concentration factors such as TSCF, RCF and FCF. 
Such a predictive model is a useful tool for researchers globally to assess the risks 
associated with the long-term human exposure to the emerging contaminants in 
contaminated crops.
Objective 3: Generate new uptake data to fill specific chemical space that is unique. 
Following the guidelines for the uptake and translocation studies published by 
Environmental Protection Agency of the United States, new uptake data will be generated. 
The uptake studies are conducted by considering different plant species and chemical 
compounds with a wide range of physicochemical properties to generate a solid database. 
Due to the high cost of uptake studies and inconsistent data collection approaches, there 
are limited number of experimental TSCF values for some chemicals and plant species. By 
considering different plant species (tomato, corn, and wheat) and also chemicals from 
different groups with a wide range of physicochemical properties, the generated data will 
increase the data pool for future analyses. To improve the future models for uptake and 
translocation of emerging contaminants having a robust dataset, which is both consistent 
and accurate is fundamental. The generated data also will be useful for other analyses since 
the selected compounds are important due to their effect on human health.
Objective 4: Test and improve developed predictive models for the chemicals with 
future concerns. The available models mostly are compound-specific and also plant- 
specific, thus, they cannot be used for the prediction of a wide variety of chemicals. In 
addition, the low accuracy of predictive model is an obstacle for applying to untested 
compounds. The uptake models will be improved using the data obtained through the
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uptake experiments. The predictive model will look at the chemicals that are new and 
novel, and provide potential for identifying future concerns, problems before they exist. 
The improved predictive models will be able to identify compounds that re outliers and 
plants that are outliers also. Such models with acceptable accuracies will be useful both for 
risk assessment and prescreening of new chemical compounds before conducting any 
experimental studies.
1.6. CORE HYPOTHESES
The central hypothesis of the work is that transmembrane migration and 
translocation o f emerging contaminants are controlled by specific physicochemical 
properties of the compounds. Earlier mechanistic models consider various parameters for 
soil and plant species in addition to chemical properties. However, the accuracy of 
predictions has not increased significantly as compared to earlier more simple models. The 
Proposed hypothesis proposed that a poly parameter model that is relatively simple and 
easy to work with as compared to the highly complex mechanistic models requiring plant 
factors and properties as well. When the number of variables increases in the mechanistic 
models, the calibration o f the models is more difficult and needs more detailed data and 
expertise.
Earlier studies consider lipophilicity (log Kow) as the main property to control 
uptake and translocation o f organic contaminants. While lipophilicity is important, the role 
of other physicochemical properties is thought to have specific impacts and should be 
considered. This hypothesis is supported by the fact that single parameter relationships 
based on lipophilicity cannot capture the complexity o f the plant uptake, particularly when
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dealing with unique solutes that are do not follow the predicted outcomes of the single 
parameter model. Considering other physicochemical properties can improve the accuracy 
of poly parameter predictive models for the uptake of emerging contaminants to support 
the core hypothesis.
The accuracy o f predicting chemical uptake and translocation by intelligent models 
is hypothesized to significantly increase model prediction accuracy. The neural network 
models can consider several variables as their inputs while the network does not need 
calibration like mechanistic models. With the increased interactions between input 
variables and intelligent tuning algorithms, the accuracy of predictions should increase 
considerably and elucidate the importance of other chemical properties that contribute to 
controlling contaminant transmembrane migration in particular. The complex process of 
entry into and transport through membranes, has eluded clear understanding. These 
chemical properties are also thought to control accumulation in different plant 
compartments, such as roots, fruit, stem or leaves. Similar AI methods have been applied 
to problems in other fields o f science and engineering, demonstrating neural networks 
models outperformed available mechanistic models of complex environmental systems, 
particularly for multimedia models with spatial and temporal variability. With improved 
accuracy o f predicting concentration factors such as TSCF, RCF, and FCF, it is possible to 
assess uptake and translocation o f emerging contaminants in plants. Fate of emerging 
contaminants in plants will have important implications to several problems including food 
security and human health risk assessments.
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2. LITERATURE REVIEW
A vast number of plant uptake studies have been conducted to understand the fate 
of emerging contaminants in plants for roughly 50 years, with seminar work published in 
1974 (Shone, 1974). Most of these studies have been conducted to introduce a relationship 
between the physical properties o f organic chemicals and their translocation in plants. The 
early studies measured the uptake of various chemicals by different plant species. The 
uptake and subsequent translocation to shoots for two series of non-ionised chemicals 
(substituted phenylureas and O-methylcarbamoyloximes) in barely were found to be 
greater for more lipophilic chemicals (Briggs et al., 1982). These early reports 
characterized the behavior of many pesticides and organic pollutants in various plant 
species and presented derived empirical relationships and hypothesized mechanisms, 
however, the precise mechanisms were unknown. Many studies over decades presented 
various relationships of uptake and translocation when investigating different chemical 
classes and plants. The variability o f the relationships indicated a single parameter model 
was not adequate to describe the uptake mechanistically.
The uptake of fungicides, herbicides and an insecticide by soybean roots, and their 
translocation through xylem were investigated using TSCF (Sicbaldi et al., 1997). By 
considering TSCF to assess efficiency of uptake and translocation, they observed a non­
linear relationship between TSCF and log Kow. The results for the uptake of four non- 
ionised compounds by aquatic plant parrot feather showed the importance of lipophilicity 
and underlined high uptake rates of the most lipophilic compounds (de Carvalho et al.,
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2007). Translocation of the chemicals to shoots was optimal at log Kow of 1.8, at which the 
efficiency o f translocation of compound was about 40%.
With these experimental studies, different relationships were offered between the 
physicochemical properties and uptake efficiency. The results o f these studies were 
contradictory in some cases. As an example, while some studies came up with a bell-shape 
relationship between log Kow and TSCF (Briggs et al., 1982, Burken & Schnoor, 1998), the 
other reported a sigmoidal relationship between log Kow and TSCF (Dettenmaier et al., 
2009;). With such relationships, it was difficult to interpret the results for some compounds. 
For hydrophilic compounds (chemicals with log Kow < 0), some models predicted high 
TSCF values while other models predicted low TSCF values. Moreover, there were several 
compounds as outliers, which single-parameter relationships based on log Kow could not 
explain well.
Models developed for the fate and transport of contaminants in plants has followed 
two general approaches. In the earliest approaches, the TSCF is correlated with 
physicochemical properties o f chemicals, mainly hydrophobicity (log Kow). The other 
modeling approach is more complicated based on environmental compartments. Based on 
the simpler modeling approaches, the moderately hydrophobic compounds (chemicals with 
log Kow of 1-3) have the greatest uptake efficiencies (Hsu et al., 1990). However, the more 
recent sigmoidal model offers the highest uptake efficiencies for the hydrophilic 
compounds in pressure chamber experiments (Dettenmaier et al., 2009). Recent 
investigations have incorporated the ionizable component of the compounds and compared 
uptake and translocation as a function of log D for previous studies (Schriever and 
Lamshoeft, 2020), including those mentioned above. The single parameter relationship was
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again a bell shaped curve with improved correlation, yet in almost 50 years of investigation, 
the understanding of organic compounds had not notably improved over the initial 
empirical relationship. Uncertainty remains on the important aspect of organic pollutants 
entering into the transpiration stream and entering the base o f the food chain.
These single-parameter relationships are oversimplified to provide the necessary 
insight into the fate and transport of emerging compounds in plants. Thus, to better explain 
the fate and translocation of emerging compounds in plants, additional chemical 
dimensions should be considered in the modeling approaches. Compartment-based models 
a more complicated approaches (overly parameter-intensive) are more flexible, and have 
data output and accuracy (Chiou et al., 2001; Collins and Finnegan, 2010; Trapp, 2007). 
The Compartment-based models rely on estimates of partitioning coefficients for the 
various compartments in which lipid content is a dominant factor (Chen et al., 2009; Zhang 
and Zhu, 2009). The transient nature of plant-contaminant system has complicated 
measurements of uptake efficiency and these modeling efforts that also must incorporate 
more plant-specific parameters (Rein et al., 2011).
In addition to the physicochemical properties, the role and importance of other 
factors related to soil properties and plant species are important. There have been several 
research efforts, which consider these factors in their uptake and translocation studies. The 
effect of soil pH on the movement and uptake of chlorsulfuron was investigated in different 
plant species (Fredrickson and Shea, 1986). According to their findings, at pH of 7.5 the 
growth of sorghum was not affected, while at pH of 5.9 there were large differences 
between treated plants and controls. The results also indicated that uptake of chlorsulfuron 
by wheat at pH of 5.9 is 67-100% greater as compared to pH of 7.5. The soil pH can
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strongly affect the degradation rate of chlorsulfuron. In another study investigating the 
impact of soil water regime on plant uptake of the herbicide isoproturon, four different soil 
types were examined (Grundmann et al., 2011). The results indicated that the soil water 
regime is an essential factor that regulates degradation and plant uptake of isoproturon. It 
was also found that the intensity o f this factor is strongly dependent on the soil type. In a 
more recent study, the effect of heavy metal concentrations in the soil was investigated on 
the concentrations of lead, cadmium and barium in urban garden-grown vegetables 
(McBride et al., 2014). The results demonstrated a poor relationship between vegetable and 
soil metal concentrations. This was attributable to particulate contamination o f vegetables 
and soil characteristics, which influence phytoavailability.
The uptake and translocation of a given chemical compound also can be varied 
across various plant species. Partitioning to plant roots is a factor that affect the general 
uptake and translocation of emerging contaminants in plants. Plant root is considered to be 
constructed of water, wax, lignin, cellulose, lipid, phenolics, non-structural carbohydrates 
and ash as its fundamental materials (Martinez et al., 2002). The research studies have 
mainly investigated partitioning of various chemicals to lipid fraction of plant root as the 
driving factor. While lipids are important constituents for partitioning of chemicals into 
plant root tissues, the fraction o f other constituents such as cellulose, lignin, and waxes are 
significantly high as compared to the lipids. Neglecting the role of these constituents is 
probably one of the main reasons why root-water partitioning relationships based on 
lipophilicity (log Kow) underestimate the partitioning coefficients. The results of a recent 
study show that fraction o f protein in the plant roots affects concentration factors including 
TSCF and RCF (Wen et al., 2016).
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To develop predictive models for the uptake and translocation o f emerging 
contaminants in plants, having a robust and consistent data set has always been one o f the 
main obstacles (Fantke et al., 2016). Due to differences in the experimental design, 
methodology, and measurement of transpiration factors, the collected data for uptake and 
translocation studies is notably inconsistent, and numerous guidelines have been published 
to guide consistency in the collection of data (Doucette et al., 2018, EPA, 2012). The 
generated data is often less useful than it could be for direct use in the modeling purposes. 
In addition to the importance and role of driving factors for the assessment of plant uptake 
and translocation o f emerging contaminants, lack of robust data set for developing plant 
bioaccumulation models is a serious issue, which need to be addressed appropriately 
(Gobas et al., 2016; McKone and Maddalena, 2007). However, through the modification 
of several existing guidelines, robust and comprehensive guidelines could be provided for 
the future uptake and translocation studies (Fantke et al., 2016). To achieve this basic goal, 
it is important to understand the measurements of vital parameters related to plant uptake 
and translocation of emerging contaminants that are required in bioaccumulation modeling.
Fate and transport of organic chemicals across biological membranes is an area of 
interest in mammalian systems. Based on the Lipinski’s rule of five (Lipinski, 2004), the 
orally administered pharmaceuticals taken up by intestinal system are compounds with 
specific range of physicochemical properties. The rule of five states that compounds with 
5 or fewer hydrogen bond donors, 10 or fewer hydrogen bond acceptors, a molecular mass 
of less than 500 Daltons, and log Kow o f less than 5 have the highest uptake capacities 
(Limmer and Burken, 2014). Such rules have been widely implemented in the drug 
development industry as prescreening filters to accelerate the drug development process
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(Sicbaldi et al., 1997). Developing similar relationships for the uptake of emerging 
contaminants by plants has important implications to application of plants in drug 
development and other related problems. This can be supported by the fact that the 
physicochemical cutoffs for compound crossing plant root membrane were similar to 
physicochemical cutoffs offered by rule of five (Limmer and Burken, 2014). The similarity 
in uptake and translocation o f organic compounds between plant roots and the human 
intestine has been shown in a previous study (Dettenmaier and Doucette, 2007). The 
findings of these studies and related research provide the foundation for importance of 
comparing the uptake of emerging contaminants by plants and uptake of orally 
administered drugs by intestinal system.
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ABSTRACT
Uptake of contaminants from the groundwater is one pathway o f interest, and 
efforts have been made to relate root exposure to transloation throughout the plant, termed 
the transpiration stream concentration factor (TSCF). This work utilized machine learning 
techniques and statistcal analysis to improve the understanding of plant uptake and 
translocation of emerging contaminants. Neural network (NN) was used to develop a 
reliable model for predicting TSCF using physicochemical properties o f compounds. 
Fuzzy logic was as a technique to examine the simultaneous impact of properties on TSCF, 
and interactions between compound properties. The significant and effective compound 
properties were determined using stepwise and forward regression as two widely used 
statiscal techniques. Clustering was used for detecting the hidden structures in the plant 
uptake data set. The NN predicted the TSCF with improved accuracy compared to 
mechanistic models. New insight was also delevered to compound properteis and their 
importance in transmembrane migration. The sensitivity anlysis indicated that log Kow, 
molecular weight, hydrogen bond donor, and rotatable bonds are the most important
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properties. The results o f fuzzy logic demonstrated that the relationship between molecular 
weight and log Kow with TSCF are both bell-shape and sigmoidal. The employed clustering 
algorithms all discovered two major distinct clusters in the data set.
1. INTRODUCTION
While many waters undergo advanced treatment to destroy recalcitrant organics, 
many other municipal wastewaters and agricultural run-off still contain considerable 
synthetic organic molecules (Hayashi et al., 2010; Hong et al., 2001; Tanoue et al., 2012). 
Irrigation of crops with reclaimed wastewater and application of agricultural chemicals 
have in part ameliorated water shortage problems and also enhanced agricultural 
productivity (Paraiba et al., 2010). Along with the irrigation of reclaimed wastewater and 
application of agricultural chemicals the exposure of plants to these compounds has 
increased (Aitchison et al., 2000; Dettenmaier and Doucette, 2007; Yoon et al., 2002).
The chemical contaminants in the soil have the potential o f being transported to 
foliage through plant transpiration (Ciucani et al., 2002; Doucette et al., 2005a; Doucette 
et al., 2005b; Hsu et al., 1990; Orchard et al., 2000). Thus, quantification and prediction of 
transmembrane migration and transport from soil to foliage has direct linkage to potential 
human health impacts. (Russell and Shorrocks, 1959) introduced transpiration stream 
concentration factor (TSCF) to show the possibility of transporting a given chemical to 
foliage. TSCF is the ratio of a chemical concentration in the xylem sap to the concentration 
of that chemical in the solution passively transferred to leaves (Crowdy and Jones, 1956; 
Davis, 1998; Geissbuhler et al., 1963; Su and Liang, 2011).
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The high cost of experimental studies and inconsistent data collection have resulted 
in generating few number of experimental TSCF values for a limited number of chemicals 
and plant species (Fantke et al., 2016). The variability o f the reported TSCF values for a 
given chemical and plant species is large due to the lack of consistent testing guidelines 
and difficulty in measuring metabolism and volatilization losses during the experiments 
(Edwards et al., 1982; Garvin et al., 2015; Yifru and Nzengung, 2006). The estimation of 
TSCF values for new contaminants not only helps to have predictive tools on efficiency of 
a specific molecule to be translocated by plants but also helps researchers focus efforts on 
contaminants with likely translocation capacity. Since 1974 several studies have been 
conducted to introduce a relationship between the physical properties of organic chemicals 
and their translocation in plants (Briggs et al., 1982; Briggs et al., 1987; Dettenmaier et al., 
2008; Shone et al., 1974). These studies introduced single-parameter relationships relating 
the TSCF to octanol/water partition coefficient (log Kow) which is as a term to describe 
hydrophobicity.
Due to the low precision o f single-parameter relationships and the limitation of 
these relationships for applying to a wide variety o f contaminants and plants species 
(Pussemier, 1991), researchers came up with more complicated prediction models for plant 
uptake and translocation. The single-parameter relationships were outperformed with the 
advent of recent models correlating multiple compound properties to TSCF (Limmer and 
Burken, 2014; Miller et al., 2016). More complex approaches are compartmental models 
(Collins and Finnegan, 2010; Manzoni et al., 2011; Undeman et al., 2009), which consider 
more chemical and environmental properties, and also incorporate the complexity of 
uptake and translocation processes into their mechanistic relationships. These modeling
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approaches still have limited accuracy in many cases in spite of improving our 
understanding of plant uptake and translocation of contaminants. However, in the majority 
of these modeling efforts, the models are calibrated or verified with specific plant species 
and chemicals tested in the laboratory portion. Plant selection and experimental design can 
certainly impact findings and modeling efforts. The current field of contaminant uptake 
has developed a large data pool (Felizeter et al., 2014; Limmer and Burken, 2014; Miller 
et al., 2016) that can be used to investigate the comprehensive data sets for uptake of a 
wide array of compounds, by a range o f plants, and in multiple laboratory arrangements, 
thereby limiting impacts of any one arrangement or data set. The assessment of these large 
data agglomerations can be challenging given the complexity o f the data, and thus needing 
advanced data assessment methods and tools.
Simulation has been a useful approach to deal with various problems in different 
fields of science and engineering (Sofizadeh et al., 2016; Trapp et al., 1994). In this work, 
a neural network (NN) predicts the plant uptake and translocation of environmental 
contaminants. The NN uses physicochemical properties o f compounds to assess past data 
collections and predict TSCF. The physicochemical properties o f compounds are analyzed 
using statistical analysis to determine the importance of each property to the TSCF values. 
Fuzzy logic was used to examine the interactions between important physicochemical 
properties as predictors of experimentally-determined TSCF values. Furthermore, 
clustering techniques were utilized to determine any distinct groups and hidden data 
structures in the comprehensive data set.
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2. MATERIAL AND METHODS
2.1. PLANT UPTAKE DATA SET
There are considerable number of published studies, which have investigated the 
uptake of various compounds (Crowdy and Pramer, 1955; Farlane et al., 1990; Kim et al., 
2004; Qiu et al., 2016a; Qiu et al., 2016b; San Miguel et al., 2013; Sheets, 1961; Thompson 
et al., 1999). In order to build the NN model, a comprehensive selection of TSCF data was 
compiled from published literature (Supporting Information). The selected TSCF data set 
to build general model includes 300 measurements of 155 compounds measured using 34 
plant genera under various experimental approaches from 41 studies. The measurements 
for TSCF were not included when there was no evidence of reaching the steady state, 
measurements included metabolites, there was metabolism of the parent compound in 
planta, or the TSCF calculation was not reliable. Moreover, the measurements were not 
included when depletion of the dosing solution was higher than 50%, roots were damaged 
prior to dosing, or other modes of exposure such as particle deposition were included in 
the measurements (Limmer and Burken, 2014). To build a general model that is not plant 
specific, the compound properties including log Kow, molecular weight (MW), hydrogen 
bond donor (HBD), hydrogen bond acceptor (HBA), rotatable bonds (RB) and polar 
surface area (PSA), were obtained from chemical structure databases such as US EPA 
Chemistry Dashboard, and ChemSpider. For the properties like log Kow that both predicted 
and experimental values are available, by considering the range of variation for the 
properties, the experimental values were considered in the analysis. Table 1 shows the
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compound properties used as input parameters in this study for the neural network 
modeling and other analyses.
Table 1. Characteristics of measured parameters used in the NN modeling process.
In pu t var iab le M in -M ax O u tp ut var iab le M in -M ax
L og K ow -2 .1 9 -6 .7 5 T SC F 0 .001-1 .16
M W  (Da) 3 2 -6 1 6 .4
H BD 0 - 6
H B A 0 - 1 6
RB 0 - 3 6
P SA  (A 2) 0 -1 9 6 .2
2.2. NEURAL NETWORK MODEL
A NN is a massively parallel distributed processor consisting of simple processing 
units that have the ability to learn from experience (Haykin et al., 2009; Samarasinghe, 
2016). The NN implemented in this work consists of three layers of interconnected 
neurons. A single-output NN with M neurons in the hidden layer is expressed by 
Equation (1):
y (W,x') — tyout(2 i= i(^ i,out X %i) + bout) (1)
where, p out is the activation function of the output layer, Wi out is the weight between the 
ith neuron in the hidden layer and the output neuron, bout is the bias of output neuron, and
x t is the output of each neuron in the hidden layer and is calculated by Equation (2):
y-m — tyh(^i=l(Wi,m X Xi) +  bm) (2)
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where, is the activation function of hidden layer, M is the number of input parameters, 
Wi m is the weight between the ith input parameter and the mth neuron in the hidden layer, 
bm is the bias o f mth neuron in the hidden layer, and x t is the ith input parameter.
In this study, a NN was used for the first time to predict the uptake and translocation 
of emerging contaminants in plants. The NN modeling was utilized due to its higher 
accuracy than current mechanistic models (Manzoni et al., 2011). The input layer of the 
NN model consisted of six neurons for each of the six inputs (log Kow, MW, HBD, HBA, 
RB, and PSA). These molecular descriptors were considered as inputs of the NN because 
the properties have been cited as important parameters in the modeling of TSCF in recent 
studies (Limmer and Burken, 2014; Miller et al., 2016). The network architecture that was 
implemented in this work is a feedforward NN. The dataset was divided randomly into 
three parts, 70% for training, 15% for testing, and 15% for validation of the NN model. 
The code was written in MATLAB R2014a. More information regarding various NNs can 
be found in (Haykin et al., 2009). The prediction performance of the NN model for the 
TSCF was measured using correlation coefficient (R) and mean squared error (MSE).
2.3. STATISTICAL ANALYSIS
In this study, stepwise and forward regression were used to determine the most 
important predictors (compound properties) in modeling TSCF. Forward regression is the 
simplest data-driven selection approach in which one predictor is added to the model at a 
time. Forward regression starts with no predictors in the model and calculates the p-value 
(a criterion for selection) for all predictors not in the model (Guo et al., 2015). It adds the 
predictors with p-value less than p-critical (5% as a widely accepted value), and this
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process is repeated until no new variable can be selected and added to the model. Stepwise 
regression is a modification of forward regression. In this method, a predictor may be added 
or removed from the model at a time. Like forward regression, it starts with no predictors 
in the model and calculates the p-value for all predictors not in the model. After adding a 
predictor to the model, all variables in the model are examined to find if their importance 
has been reduced to a predefined limit (p-critical of 5% in this study) of selection 
(Nazarpour et al., 2016). The predictors in the model with importance less than a predefined 
limit are removed from the model. Forward and stepwise regression were performed using 
SPSS 16.0 software in order to determine the significant predictors.
2.4. FUZZY LOGIC
Fuzzy logic is an intelligent technique based on degrees of truth rather than true or 
false logic. Fuzzy logic is distinguished from familiar approaches such as Boolean algebra 
due to its ability to present results in the form of recommendations (Zadeh, 1965). Fuzzy 
logic has been widely used for solving problems in environmental engineering and other 
fields as well (Bagheri et al., 2017). Fuzzy logic is conducted through four main steps: 
fuzzification, generating fuzzy rules, generating a fuzzy inference system, and 
defuzzification. The fuzzification is a process to transform crisp inputs into ordinary fuzzy 
inputs using membership functions. The non-fuzzy input values are converted to fuzzy 
linguistic terms using triangular, trapezoidal, piecewise linear, Gaussian, and other 
functions (Klir and Yuan, 1995). The type of the membership function for each problem is 
chosen arbitrarily based on the experience of users. Fuzzy rules (simple IF-THEN rules 
with a condition and a conclusion) are constructed to infer the output variable based on
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input variables. The inputs to a simple IF-THEN rule are the current values for the input 
variables and the output is an entire fuzzy set. The fuzzy rules for a system with two inputs 
of X1 and X2, and one output of Y, can be expressed by Equation (3):
IF X1 is A and X2 is B THEN Y = aX1 + bX2 + c (3)
where, A and B are linguistic labels, a, b and c are constants that are adjusted by 
optimization algorithms.
After evaluation of the fuzzy rules, the final result is obtained by combining the 
results of fuzzy rules through a process called inference (Von Altrock, 1995). Takagi- 
Sugeno and Mamdani are two widely used inference systems. The main difference between 
these two inference systems is the way crisp output is generated from the fuzzy inputs. In 
the last step, the results obtained in the form of fuzzy sets are converted into numerical 
values using membership functions. More discussion on fuzzy logic can be found in (Klir 
and Yuan, 1995; Kosko, 1997; Ross, 2009).
In this study, fuzzy logic was used to project a general relationship between 
compound properties and TSCF with the aid of available plant uptake data. Fuzzy logic 
also was utilized as an appropriate technique to examine the simultaneous impact of 
properties on TSCF. Fuzzy logic helps to screen the capacity o f chemical compounds for 
uptake and translocation in plants through correlating TSCF values with various compound 
properties at the same time. An adaptive neuro-fuzzy inference system (a Takagi-Sugeno 




Clustering algorithms are capable tools to reveal hidden relationships and structures 
in data (Xu and Wunsch, 2009). In this work, two types of clustering algorithms including 
hierarchical and partitional clustering were applied to detect the hidden relationships in 
plant uptake data. Hierarchical clustering results in a set of nested clusters that are 
organized as a tree, and the generated tree may correspond to a meaningful taxonomy. 
Through partitional clustering, data objects in the data set are divided into non-overlapping 
subsets such that each data object is in exactly one subset. The applied partitional clustering 
algorithm is the well-known k-means that divides data objects in the plant uptake data set 
into k distinct clusters. Further discussion on these approaches can be found in (Xu and 
Wunsch, 2009). Internal validation indices and visualization-based methods were used to 
compare between the clustering algorithms, and also to obtain the best clusters. The applied 
internal validation indices are Silhouette, Davies-Bouldin, and Calinski-Harabasz. The 
mathematical formulas and further discussion on the above cluster validation indices can 
be found in (Liu et al., 2010; Xu and Wunsch, 2005; Xu and Wunsch, 2009). The resulting 
clusters in our study are achieved by considering the six physicochemical properties of the 
compounds. In order to provide a descriptive visualization, principal component analysis 
(PCA) was used to visualize the resulting clusters from different algorithms using the first 
two components. Through PCA visualization, data is transformed from higher dimensions 
to lower dimensions (two dimensions in this study) without losing a significant amount of 
information (Wold et al., 1987).
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3. RESULTS AND DISCUSSION
3.1. PREDICTION OF TSCF USING NN
The NN learned an acceptable fit between predicted and measured values, as the 
regression line for measured values of TSCF and predicted values o f TSCF were in 
agreement (Figure 1). The correlation levels between predicted and measured values of 
TSCF were approximately 0.83, 0.73 and 0.79 for training, validation and testing data sets, 
respectively, as illustrated in Figure 1. The minimum calculated MSE was 0.016, 0.059, 
and 0.037 for training, validation, and testing data sets, respectively. These results indicate 
that the NN has adapted well during training and can be used as a general model for 
predicting TSCF using the given parameters, whereas traditional models were proven to be 
inaccurate for some compounds (Miller et al., 2016). For example, (Fujisawa et al., 2002) 
developed uptake models for translocation of neural pesticides to the stem and edible parts 
of the crops. They validated the models using six pesticides with soybean and spinach 
plants. While these models were plant and compound specific, the ratio of the predicted to 
the measured concentration was 0.44-1.49 and 0.57-2.93 with foliage and seed models, 
respectively. It should be noted that the training procedures of NN models is based on the 
training data set. The NN does not have access to the test data set in this step and this part 
of the data is used to measure the accuracy of predictions. To check the accuracy of NN 
models before the final and optimized network, the validation data set is used. The 
validation data set is a part of data that NN uses to check if the training procedure is on the 
right track or not. Thus, the good correlation between predicted and measured TSCF based 
on test data shows the reliability of the developed NN model.
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Training data set (R=0.82913)
Test data set (R=0.79107)
Validation data set (R=0.73201)
All data set (R=0.80217)
Figure 1. Regression plots of the NN model for training, validation, testing, and all data
sets.
The normal distribution of error reveals that the predictions by the NN model were 
symmetrical and their axis approaching zero (Figure 2). The determination of a normal 
distribution of residuals is important, as such distribution is one of the assumptions for 
regression analysis (Montgomery et al., 2012), and validates the lack of bias in NN model 
predictions. The NN is able to predict the plant uptake and translocation of environmental 
contaminants with higher accuracy than traditional modeling approaches (Miller et al., 
2016). The testing model demonstrated a positive prediction performance in comparison 
with traditional models, and the MSE value for this NN model was 0.037 vs. 0.25 to 0.3
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for traditional models (Limmer and Burken, 2014; Miller et al., 2016). The NN learned to 
predict the TSCF from the six compound properties, and captured the general changes in 
TSCF values with no notable oscillations, as shown in Figure 3. Earlier modeling 
approaches reliant on a single parameter have shown inconsistency in predicting TSCF 
values, notably for hydrophilic compounds (Miller et al., 2016). The results of previous 
studies show that the models did not capture the general changes o f TSCF.
Error Histogram with 20 Bins
Errors = Measured TSCF - Predicted TSCF
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All data set
Figure 3. Predicted TSCF values by the NN model for training, validation, testing, and all
data sets.
3.2. SIGNIFICANT COMPOUND PROPERTIES
Stepwise and forward regression methods were used to analyze the sensitivity of 
TSCF to the input parameters including log Kow, MW, HBD, HBA, RB, and PSA. The 
results of sensitivity analysis were highly correlated for both methods. Both selection 
methods confirmed that log Kow is the most important compound property (predictor). With 
a p-value less than 0.05 and t-statistics equal to 6.36 and 1.86, the log Kow and MW are two 
compound properties with highly significant impacts for the plant uptake and translocation 
models. The HBD was the third important compound property (predictor) for the plant 
uptake and translocation. The t-statistics value for HBD was 1.61, as illustrated in Table 2. 
The results of this study were in line with the findings of previous studies trying to
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determine the importance of physicochemical predictors. Using a desirability function 
indicated that log Kow, MW, and HBD are the three important predictors in the modeling 
of plant uptake and translocation o f organic contaminants (Limmer and Burken, 2014). 
Based on the results of our regression methods, the log Kow is eight times more governing 
than MW as a predictor. The MW is also three times more important than HBD. The results 
of the stepwise and forward regression methods show that the RB is the fourth most 
effective predictor. In a recently published paper, Miller et al. (2016) used a desirability 
model for plant uptake of pharmaceutical and personal care products. They found that the 
number of rotatable bonds is another important predictor. The findings of this study 
indicate that RB is a predictor with almost the same importance as HBD in the modeling 
of plant uptake and translocation of contaminants. The correlation between these 
significant and important properties has been presented in Table 2.
Table 2. Results of sensitivity analysis for the significant and important compound
properties.
log  K ow M W H B D R B
P-value 0.001 0.044 0.107 0 .258
S tepw ise t-statistics 6 .368 1.861 1.617 1.133
P-value 0.001 0.045 0.109 0 .258
F orw ard
t-statistics 6 .364 1.855 1.614 1.133
log  K o w 1 0.432 -0 .322 0.131
M W 0.432 1 0.237 0 .595
C orrelation
H B D -0.322 0.237 1 0.203
R B 0.131 0.595 0.203 1
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3.3. SIMULTANEOUS IMPACTS OF COMPOUND PROPERTIES USING FUZZY 
LOGIC
The results of fuzzy logic for examining the interaction between compound 
properties improved our understanding of plant uptake and translocation problems. 
Previous studies introduced a bell-shape relationship between log Kow and TSCF (Limmer 
and Burken, 2014). There are a number of studies that found various optima for the most 
translocatable compounds by focusing on the log Kow. Behrendt and Bruggemann (1993) 
reported that chemical uptake has a pronounced optimum for moderately lipophilic 
chemicals with log Kow equals to 1.78. Burken and Schnoor (1998) also found that TSCF 
for organic compounds is maximum at log Kow of 1.8. Sicbaldi et al. (1997) reported that 
for the pesticides from different chemical classes, the highest TSCF values are achieved 
for the compounds with log Kow value around 3. Based on the review of conducted studies, 
Dettenmaier et al. (2008) concluded that that either highly polar compounds (log Kow < 1) 
or highly lipophilic compounds (log Kow > 4) are not significantly taken up by plants. The 
results of our study while are supported by the findings o f previous studies, improved the 
understanding of plant uptake and translocation of contaminants. The most readily 
translocated compounds were relatively hydrophobic compounds with log Kow between 1 
and 4. The MW and TSCF had a bell-shape relationship, and the MW was less 350 Da for 
the most trans-locatable compounds. Figure 4 demonstrates the relationship between both 
log Kow and MW with TSCF using an adaptive neuro-fuzzy inference system. The results 
of our study also confirm that generally there are bell-shape relationships between both 
log Kow and MW with TSCF. However, the interaction between log Kow and MW is 
important and affects the translocation of compounds.
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Figure 4. Relationship between log Kow and MW with TSCF using adaptive neuro-fuzzy
inference system.
In addition to the log Kow, MW is another important predictor that have received 
attention in a number of studies. Hong et al. (2001) reported that low MW hydrophilic 
compounds such as methyl tert-butyl ether transport through plant membranes via 
hydrogen bonding with water or by rendering plant membranes more permeable. 
Boonsaner et al. (2011) also confirmed the importance of MW and reported that since it
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reflects the molecular size of a compound can influence the absorption process through the 
cell membrane of the plants. They found that for the benzene, toluene, ethylbenzene and 
xylenes with MW of 78 Da to 106 Da, the TSCF is high and increases with the MW. These 
studies agreed with (Connell, 1990) who reported increase in the bioaccumulation of 
organic chemicals with the increase of MW, but decline only for chemicals with MW of 
350 Da and higher. In this study, it was observed that for the MW less than 120 Da, the 
relationship between log Kow and TSCF is sigmoidal instead of bell-shape (Figure 4). For 
the MW from 150 to 400 Da, the relationship between log Kow and TSCF is bell-shape with 
high possibility o f translocation. For the MW higher than 400 Da, the relationship between 
log Kow and TSCF is still bell-shape with lower possibility o f translocation for compounds. 
The results o f this study indicated that for the log Kow less than 1, the relation between MW 
and TSCF is sigmoidal instead of bell-shape. The compounds have a high tendency for 
translocation in plants when the MW is less than 120 Da and log Kow less than 1. These 
findings are interesting since previous studies have reported the translocation of 
hydrophilic compounds in addition to the moderately hydrophilic compounds (Dettenmaier 
et al., 2009; Trapp, 2007). Moreover, these findings are useful for assessing human health 
risks associated with emerging contaminants, food safety, and efficient phytoremediation 
of environmental contaminants (Boonsaner et al., 2011; Krstich and Schwarz, 1990; Rubin 
and Ramaswami, 2001; Su et al., 2010).
The findings of previous studies using the desirability function show a sigmoidal 
relationship between the HBD and TSCF. The desirability function demonstrated that 
compounds with HBD equal or less than 5 have a higher possibility for uptake and 
translocation (Limmer and Burken, 2014; Miller et al., 2016). Figure 5 demonstrates the
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relationship between both log Kow and HBD with TSCF using an adaptive neuro-fuzzy 
inference system. In a good agreement with the results of previous studies, the log Kow has 
a bell-shape, and HBD has a sigmoidal relationship with TSCF. The results show that 
compounds with 5 or less HBD have a high potential for uptake and translocation. The 
compounds with 1 or 2 HBD have highest capacity for uptake and translocation in plants.
Figure 5. Relationship between log Kow and HBD with TSCF using neuro-fuzzy
inference system.
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Figure 6. Relationship between log Kow and RB with TSCF using neuro-fuzzy inference
system.
The desirability function also demonstrated that there is a sigmoidal relationship 
between rotatable bonds and TSCF. The desirability function showed that compounds with 
7 or less RB are more likely to be translocated in plants. The results of our study using 
fuzzy logic conform the sigmoidal relationship between RB and TSCF (Figure 6). It was
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observed that compounds with 15 or less RB are more likely to be translocated by plants. 
Moreover, for this range o f RB, the compounds with log Kow less than zero have a higher 
possibility o f translocation than compounds with log Kow higher than 4. The value of RB 
for high possibility o f translocation from this study is a little different from the findings of 
desirability functions. Although our database is the most comprehensive database ever used 
for modeling of plant uptake and translocation of environmental contaminants, there are 
limited number of compounds with RB higher than 15. Thus, with increase in the number 
of published data for all chemical compounds, the accuracy of modeling approaches 
increases accordingly.
3.4. RESULTING CLUSTERS
Since the compiled dataset includes a considerable number of various compounds 
and plant species, clustering algorithms were used to examine the chemical compounds 
and plants that have more distinct behavior than others. All the applied algorithms have 
isolated six samples sharing almost no variables with the remaining data objects in the plant 
uptake data set, see cluster 3 in Figure 7. Based on the statistical metrics, the k-means 
algorithm clustered the data objects into three distinct groups with different features. The 
results show that cluster 3 was distinct from cluster 1 and cluster 2 in terms of chemical 
compounds and physicochemical properties of the compounds. The compounds in cluster 
3 have log Kow values higher than 4, and an RB value of more than 21 to 32. The compounds 
in cluster 3 have shown a low capacity for uptake and translocation with TSCF values 
mainly less than 0.05. Such compounds have a small capacity to cross the membrane of 
the plant roots and mainly accumulate in the root (Burken and Schnoor, 1998).
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Figure 7. Obtained clusters by k-means algorithm (k=3) after visualization of results
using PCA.
The clusters analysis also showed interesting results for tomato, wheat, and corn as three 
plant species, which are used in many uptake experimental studies. Based on different 
thresholds of uptake considered in this study (TSCF from 0.4 to 0.9), the tomato and wheat 
mostly were in the group with higher uptake and translocation capacity than the considered 
limit. The corn almost in all cases was in the group with less uptake and translocation 
capacity than the considered limit. Since corn has lower transpiration and higher growth, 
this finding is in agreement with theoretical concept for TSCF outlined in (Trapp, 2007), 
which predicts higher TSCF for less growth per transpiration. Such a finding using 
clustering algorithms is interesting since clustering does not care about the physic of 
problem and detect the hidden relationships just based on uptake data, and considered
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variables. To have even more meaningful clusters regarding uptake and translocation of 
contaminants considering plant properties in addition to physicochemical properties of 
compounds is recommended in future research studies.
4. CONCLUSIONS
The introduction of mathematical relationships relating compound properties to the 
possibility o f compounds uptake and translocation in plants has received considerable 
attention since 1974. Most of previous studies with the focus on compound properties 
introduced one dimensional relationships to relate log Kow to TSCF. However, these 
relationships are limited to specific compounds and plant species, and are inaccurate in 
some cases. To the best of our knowledge, this study is the first utilizing machine learning 
algorithms (i.e. NN, Fuzzy logic and unsupervised learning) to predict TSCF and examine 
the interaction between compound properties. The NN predicted the TSCF with higher 
accuracy than previous models using physicochemical properties of compounds, and also 
offered insight to the impact and interactions of the different parameters. The log Kow, MW, 
HBD, and RB were the most important compound properties in governing uptake of 
organic molecules. The findings indicate that log Kow is the most significant property, MW 
is the second most important, and HBD and RB are two properties with similar level of 
importance. The results of fuzzy logic indicated that interaction between compound 
properties is an important factor to consider. The log Kow and MW generally had bell-shape 
and sigmoidoid (little bell-shape and mostly sigmoidal) relationships with TSCF, not just 
a bell-shape or a sigmoidal one. Clustering algorithms also revealed previously
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undiscovered structures in the dataset. The findings of this study shows the importance of 
hydrophilic compounds in addition to the moderately hydrophobic compounds. This study 
has also provided an estimation based on statistical evaluation metrics for TSCF threshold.
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ABSTRACT
When water and solutes enter the plant root through the epidermis, organic 
contaminants in solution either cross the root membranes and transport through the 
vascular pathways to the aerial tissues or accumulate in the plant roots. The accumulation 
of contaminants in plant roots and edible tissues is measured by root concentration factor 
(RCF) and fruit concentration factor (FCF). In this paper, 1) a neural network (NN) was 
applied to model RCF based on physicochemical properties of organic compounds, 2) 
correlation and significance of physicochemical properties were assessed using statistical 
analysis, 3) fuzzy logic was used to examine the simultaneous impacts of significant 
compound properties on RCF and FCF, 4) a clustering algorithm (k-means) was used to 
identify unique groups and discover hidden relationships within contaminants in various 
parts of the plants. The physicochemical cutoffs achieved by fuzzy logic for the RCF and 
the FCF were compared versus the cutoffs for compounds that crossed the plant root 
membranes and found their way into transpiration stream (measured by transpiration 
stream concentration factor, TSCF). The NN predicted the RCF with improved accuracy 
compared to mechanistic models. The analysis indicated that log Kow, molecular weight,
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and rotatable bonds are the most important properties for predicting the RCF. These 
significant compound properties are positively correlated with RCF while they are 
negatively correlated with TSCF. Comparing the relationships between compound 
properties in various plant tissues showed that compounds detected in the edible parts have 
physicochemical cutoffs that are more like the compounds crossing the plant root 
membranes (into xylem tissues) than the compounds accumulating in the plant roots, with 
clear relationships to food security. The cluster analysis placed the contaminants into three 
meaningful groups that were in agreement with the results of fuzzy logic.
1. INTRODUCTION
In recent years, there have been growing concerns about the threat that consuming 
contaminated crops poses to human health. This contamination is a result of the wide use 
of pesticides in agriculture, irrigation with wastewater treated by conventional treatment 
systems, and anthropogenic activities (Braune et al., 2005; Gao and Zhu, 2004). Uptake, 
accumulation and translocation of emerging and fugitive contaminants (EFCs) in plants are 
of the most alarming issues (Garcia et al., 2019; Mathews et al., 2014). These concerns are 
based on the growing detection of many EFCs in human breast milk and blood (Bao et al., 
2010; Roosens et al., 2010).
The plants absorb the environmental contaminants from the rhizosphere through 
their roots. Water and solutes enter the root through the epidermis and cross the root 
membrane to be transported to aerial tissues via xylem/phloem or accumulate in the plant 
roots (Miller et al., 2016). The accumulation of environmental contaminants in plant roots
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is measured by the root concentration factor (RCF) (Trapp, 2004). The RCF correlated 
mainly with lipophilicity (log Kow) for neutral compounds, but it has an ambiguous 
relationship with polar and ionizable compounds (Briggs et al., 1982; Miller et al., 2016). 
Burken and Schnoor (1998) correlated the RCF to the log Kow for organic contaminants 
using nonlinear regression and the least square minimization method. These single­
parameter relationships based on log Kow estimate root-water partitioning for many 
compounds. However, there are several compounds left as outliers. Considering the other 
physicochemical properties of compounds for predicting root-water partitioning can 
improve understanding of the uptake and translocation of compounds in plants.
In recent years, machine learning techniques have gained interests to be applied in 
various environmental problems due to their ability in predicting chemical and biological 
processes (Strempel et al., 2013; Zhao et al., 2008). In a recently published study, (Miller 
et al., 2019) reported that machine learning models are capable in predicting 
bioconcentration factors in fish and invertebrates. They found that neural networks (NN) 
and tree-based learners indicate the best predictive performance. In this paper, NN models 
were used to predict the RCF based on physicochemical properties o f compounds. The 
compound properties include log Kow, molecular weight (MW), hydrogen bond donor 
(HBD), hydrogen bond acceptor (HBA), rotatable bonds (RB) and polar surface area 
(PSA). NN models have been successfully used for the prediction purposes in various 
problems (Bagheri et al., 2017; Torbati, 2016; Yunus, 2017). In a recent study, Bagheri et 
al. (2019) using NN considerably improved the accuracy of prediction for transpiration 
stream concentration factor (TSCF), which describes the efficiency of uptake by plants.
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Rossi et al. (2019) also reported high performance of NN for the prediction of cerium oxide 
nanoparticles and cadmium uptake by Brassica napus plants.
The EFCs in the soil are probably transported to aerial tissues, including the edible 
parts, through plant evapotranspiration (Davis, 1998; Roche et al., 2018). A number of 
previous studies have reported that uptake of contaminants by plant roots and translocation 
to shoots is affected by the physicochemical properties of compounds (Briggs et al., 1987; 
Chen et al., 2015; Gao and Zhu, 2004; Hussein et al., 2007). In almost all of previous 
studies, the considered compound property is log Kow. Inoue et al. (1998) examined the 
uptake of two series o f amine bases by barley roots and subsequent transport to shoots 
based on the log Kow of the compounds. They reported that the behavior of these 
compounds for uptake and translocation in barley plants can be modelled reasonably. Fruit 
concentration factor (FCF) is normally used to quantify the accumulation of emerging 
contaminants in edible tissues (Doucette et al., 2018). In this study, by examining 
physicochemical cutoffs for the FCF and the RCF based on significant properties, and 
comparing the results with physicochemical cutoffs for the TSCF, the goal was to improve 
understanding o f contaminants with a higher possibility o f accumulating in the edible 
tissues. The physicochemical cutoffs for the TSCF are available in our recently published 
paper (Bagheri et al., 2019). The results were also compared with the cutoffs for 
compounds crossing root membranes, compounds in xylem sap with high TSCF (Limmer 
and Burken, 2014). Statistical analysis was used to find the significant compound 
properties and also assess the correlation between the properties and root-water 
partitioning. The simultaneous impacts of physicochemical properties on the accumulation 
of compounds in plant roots and edible tissues were investigated by fuzzy logic.
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A clustering algorithm (k-means) was utilized to reveal hidden relationships and 
structures among data samples (Xu and Wunsch, 2009). A comprehensive selection of data 
was compiled to explore the hidden relationships in the uptake and translocation o f the 
environmental contaminants. Clustering was used to group similar contaminants in plant 
tissues by considering their physicochemical properties, uptake, and translocation. The 
clustering results were validated by focusing on the physicochemical properties of 
compounds in different clusters to assess the features of each group in relation to uptake 
and translocation.
2. MATERIAL AND METHODS
2.1. DATASET
The dataset used for modeling the RCF and examining the simultaneous impacts of 
compound properties consists of 355 measurements. To assess the physicochemical cutoffs 
in the edible parts of the plants, 120 measurements of the FCF were complied from the 
published data. Our dataset also includes 300 measurement of the TSCF to extracts the 
important features of each group in relation to uptake and translocation (Supporting 
Information). The dataset consists of various plant species, chemical compounds, and 
different experimental procedures to make sure model is general and comprehensive (not 
plant-specific or compound-specific). The measurements for RCF, FCF, and TSCF were 
not included when there was no evidence o f reaching the steady state, roots were damaged, 
the calculations were not reliable, metabolism of the parent compound in planta was 
observed, measurements included metabolites, depletion of the dosing solution was higher
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than 50%, or other modes o f exposure were included in the measurements (Limmer and 
Burken, 2014). The dataset contains eight variables that describe the physicochemical 
properties of chemical compounds and plant species. Six are numeric variables (log Kow, 
MW, HBD, HBA, RB, and PSA) and two are categorical (plant name chemical 
compounds). The categorical variables were enumerated using the properties encoding 
method (Lam et al., 2015; Obafemi-Ajayi et al., 2015).
These six selected compound properties are the important predictors for uptake and 
translocation studies based on the recent studies (Limmer and Burken, 2014). Moreover, 
considering the physicochemical cutoffs for drugs crossing intestinal membrane, and blood 
brain barrier, the selected properties in our study make it possible to compare the 
physicochemical cutoffs in plants with the cutoffs in mammalian systems. The 
physicochemical properties of chemical compounds were obtained from available 
chemical structure databases such as US EPA Chemistry Dashboard, and ChemSpider 
(Bagheri et al., 2019). It should be noted that log Kow was for purely neutral compounds, 
and lipophilicity for the ionizable compounds was described by log D. Finally, the data 
was normalized between [0, 1] to accelerate and improve the performance of the applied 
machine learning algorithms. The six numeric variables were used to build the predictive 
NN model for the RCF. These properties were used to examine the simultaneous impacts 
of compound properties, and physicochemical cutoffs at various plant tissues. For the 
clustering o f contaminants in plant tissues, the two categorical variables were also
considered in addition to the six numerical variables.
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2.2. NEURAL NETWORK MODEL
NN, an intelligent method loosely inspired by neurobiology, was used to predict 
the RCF based on the physicochemical properties of the compounds. For extensive 
discussion and information on NN architectures and applications see (Haykin et al., 2009; 
Hornik, 1991; Huang and Babri, 1998; Leshno et al., 1993; Samarasinghe, 2016). A typical 
NN consists of at least three (and often many) layers o f interconnected computational 
nodes. A three-layer NN consists of an input layer, a hidden layer, and an output layer. A 
single-output NN with M computational nodes in the hidden layer is expressed by 
Equation (1):
y (W,x') — tyout(2 i= i(^ i,out ^  %i) + bout) (1)
where, tyout out is the activation function of the output layer, Wi out is the weight of the 
synapsis between the ith neuron in the hidden layer and the output neuron, bout is the bias 
of the output neuron, and x t is the output of each neuron in the hidden layer, which can be 
calculated by Equation (2):
— tyh(^i=1(^i,n ^  %inp) + bn) (2)
where, tyh is the activation function of hidden layer, N is the number of input parameters, 
Wi n is the weight between the ith input parameter and the mth neuron in the hidden layer, 
bn is the bias o f mth neuron in the hidden layer, and x inp is the ith input parameter.
In this study, different types of NN such as multilayer perceptron (MLP), and radial 
basis function were used to predict RCF. Our preliminary analysis showed that MLP is the 
most accurate NN for the prediction of RCF. MLP is one of the most frequently used NN 
types, which has been successfully used in a number of problems in various fields. MLP is
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a capable NN algorithm to use for the regression and mapping. One of the main limitations 
of the MLP is that this algorithm may stop at local minima instead of global minima. 
Another limitation of MLP is the need to determine the number of hidden nodes by the 
users, which can impact the performance of NN when the users do not have enough 
experience. Setting the number of hidden nodes too low may result in the model 
underfitting while setting it too high may result in the model overfitting (Ramchoun et al., 
2016).
An MLP-NN contains neurons structured in parallel layers, from the inputs to the 
output. The input nodes receive the input values and pass them on to the first hidden layer 
nodes. Each node collects the input from all input nodes after multiplying each input value 
by a random weight, attaches a random bias to this sum, and passes on the results through 
a non-linear transformation. This forms the input either for the second hidden layer (in an 
NN with multiple hidden layer) or the output layer that operates identically to the hidden 
layer. The output of the network is equal to resulting transformed value from the output 
node (Shanmuganathan, 2016). To improve the accuracy of prediction, MLP-NN utilize 
different algorithms to train the networks by adjusting weights and biases. Basically the 
objective o f training patterns is to reduce the global error. In this study, the network was 
trained using different training algorithm such as Levenberg-Marquardt (LM), incremental 
back propagation, gradient descent backpropagation, gradient descent with adaptive 
learning rate backpropagation, and batch back propagation.
The RCF prediction model utilizes six physicochemical properties of the 
compounds including log Kow, MW, HBD, HBA, RB, and PSA as its inputs. The RCF 
dataset has 355 samples. 70% of these samples were used for training, 15% for validation,
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and 15% for testing. The NN prediction performance was measured using the correlation 
coefficient (R) and the root mean squared error (RMSE). The NN models for predicting 
the RCF were performed using MATLAB R2014a.
2.3. MODEL TRAINING PROCEDURE
The best network architecture, using a trial-and-error approach, was found to be an 
MLP-NN with three layers and 45 nodes in the hidden layer. The MLP-NN applied a feed­
forward backpropagation network to the input data. After testing different training 
algorithms, it was observed that the MLP-NN model trained by the well-known 
Levenberg-Marquardt (LM) learning algorithm gives a higher accuracy. LM is a fast 
training function but it requires a lot of memory to run as comparing with other training 
algorithms. The training algorithm attempts to find the optimized weights so that the error 
of prediction is minimum. LM like other numeric minimization algorithms follows an 
iterative procedure to train the NN. The weights and biases in each iteration are generated 
randomly using appropriate functions. Using a trial-and-error approach to select the best 
transfer functions between layers, the results indicated that with a hyperbolic tangent 
sigmoid transfer function (tansig) between the input and hidden layers and a linear transfer 
function (purelin) between the hidden and output layers make the best prediction. Figure 1 
shows the details regarding the architecture and related hyper parameters of the MLP-NN 
for the best prediction. It should be noted that to train the MLP-NN, the data was divided 
into three sets using random indices. The largest set including 70% of all data was used to 
train the MLP-NN. The other two sets each consisting of 15% of all data were used to 
validate and test the MLP-NN model. The test dataset (15% of all data) is used for cross-
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v a l id a t e  t h e  M L P - N N  m o d e l  a n d  t e s t  i t s  p r e d ic t iv e  c a p a b i l i t ie s  s in c e  t h e  n e t w o r k  d o e s  n o t  
h a v e  a c c e s s  t o  t e s t  d a ta s e t  d u r in g  tr a in in g  p r o c e s s .
F ig u r e  1. A r c h it e c tu r e  o f  t h e  N N  a n d  it s  h y p e r  p a r a m e te r s  f o r  t h e  b e s t  m o d e l .
2.4. STATISTICAL ANALYSIS
S t e p w is e  r e g r e s s io n  w a s  u s e d  t o  d e te r m in e  t h e  m o s t  im p o r ta n t  p r e d ic to r s  in  th e  
m o d e l in g  o f  r o o t - w a t e r  p a r t it io n in g . S t e p w is e  r e g r e s s io n  i s  a  m e t h o d  b y  w h i c h  a  p r e d ic to r  
m a y  b e  a d d e d  o r  r e m o v e d  f r o m  t h e  m o d e l  a t a  t im e  t o  f in d  it s  im p o r ta n c e .  I t  s ta r ts  w i t h  n o  
p r e d ic to r s  in  t h e  m o d e l  a n d  c a lc u la t e s  t h e  p - v a lu e  fo r  a ll p r e d ic to r s  n o t  in c lu d e d  in  th e  
m o d e l  ( A h lg r e n  a n d  W a lb e r g ,  2 0 1 7 ) .  T h e  p - v a lu e  h e lp s  t o  d e te r m in e  t h e  s ig n i f i c a n c e  o f
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the predictors in the model. After adding a predictor (a compound property in this study) 
to the model, all compound properties in the model are examined to check if their 
importance has been reduced to a predefined limit of selection (p-critical was 5% in our 
study). The compound properties with p-values less than 5% are considered significant 
since the 0.05 was considered as a cutoff for significance. The predictors in the model with 
importance less than a predefined limit (p-value greater than 0.05) are removed from the 
model. The chosen predictors were selected based on their p-values and t-test analysis 
results. The t-statistic is the ratio of the departure of the estimated value of a predictor from 
its target value to its standard error (Derryberry et al., 2018). This statistical analysis for 
finding the significant compound properties and their correlation with RCF was performed 
using IBM SPSS 21.
2.5. FUZZY LOGIC
Fuzzy logic (Zadeh, 1996), was used to examine the partitioning threshold of the 
chemical compounds through determination of physicochemical cutoffs, and also 
examining the simultaneous impacts of compound properties on the root-water 
partitioning. Previous studies have introduced single-parameter relationships for root- 
water partitioning based on the log Kow of the compounds only (Burken and Schnoor, 1998; 
Derksen and Keselman, 1992). Fuzzy logic was used in this study because of its ability to 
handle uncertainty associated with the uptake and the translocation o f compounds in plants 
(Briggs et al., 1982), as well as its ability to investigate the simultaneous impacts of all the 
chemical compounds. Fuzzy logic consists of four phases: fuzzification, generating fuzzy 
rules, generating a fuzzy inference system, and defuzzification. Further discussion and
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detailed information on fuzzy logic can be found in (Zadeh, 1996). In this intelligent 
techniques, the real inputs are converted into fuzzified inputs using membership functions. 
Then fuzzy rules, which are simple IF-THEN rules are formed to infer the fuzzy output 
based on the fuzzified inputs. The IF-THEN rules for a system with two inputs of X1 and 
X2, and one output of Y, can be expressed by Equation (3):
IF X1 is A and X2 is B THEN Y = aX1 + bX2 + c (3)
where, A and B are membership functions, a, b and c are constants that are adjusted by 
optimization algorithms.
In the next phase, a fuzzy output is obtained by combining the results of IF-THEN 
rules through a process called inference. Finally, the fuzzy output is converted into a 
numerical output using membership functions in the defuzzification phase. The analyses 
using fuzzy logic all were performed in MATLAB R2014a.
2.6. CLUSTERING
The clustering process explores and reveals hidden relationships and structures in 
uptake and translocation data (Hartigan, 1975; Xu and Wunsch, 2009). Different 
agglomerative hierarchical clustering and partitional clustering methods were examined to 
explore the described datasets. The preliminary evaluation showed that the k-means 
algorithm provides the most compact, isolated and meaningful groups. The k-means 
algorithm divides data points into a predefined number of clusters k. It initializes the 
clusters randomly or based on prior kno wledge and calculates the clusters’ initial matrix 
M = [m1, ...,m k]. Then, it assigns each data point to the nearest cluster and re-calculates 
the cluster prototype matrix using the new partitions as in Equation (4).
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m i = 1/ N i'ZXjeCixJ (4)
where, m t is the sum-of-squared error for cluster i, Nt is the number of elements in cluster 
i, and Xj is the data point in the cluster Ct .
These steps are repeated until the clusters stop changing. The grouping of the 
chemical compounds using k-means clustering was performed in MATLAB R2014a. The 
chemical compounds in different groups for the RCF, the FCF, and the TSCF were 
compared based their physicochemical properties. The most meaningful grouping was 
achieved by k=3 because our goal was to compare the physicochemical cutoffs in various 
plant tissues with the cutoffs obtained by fuzzy logic and published studies.
3. RESULTS AND DISCUSSION
3.1. RCF PREDICTION USING NN
The NN model predicted the RCF with a higher accuracy than those measured with 
a single parameter and composite models implemented in previous studies (Briggs et al., 
1982; Burken and Schnoor, 1998; Topp et al., 1986), as illustrated in Figure 2. According 
to the training results, the fit between the predicted and measured values for the 
accumulated contaminants is acceptable, as the regression line for the training dataset 
demonstrates that the measured and predicted values of the RCF were correlated (Figure 
2). The degree of correlation between the predicted values and the measured values was 
0.903; together, with an RMSE value of 28.4 for the training set, they confirm the learning 
capabilities of the NN in the modeling of the RCF. The correlation coefficient and RMSE 
for the validation model were 0.883 and 29.9, respectively. The degree o f correlation
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b e t w e e n  t h e  p r e d ic te d  v a lu e s  a n d  t h e  m e a s u r e d  v a lu e s  fo r  t h e  t e s t in g  d a ta s e t  w a s  0 .8 9 5 ,  a s  
i l lu s t r a te d  in  F ig u r e  2 . T h e  t e s t  erro r  w a s  3 1 .5 ,  w h ic h  w a s  e v e n  lo w e r  th a n  it  w a s  fo r  th e  
t r a in in g  a n d  v a l id a t io n  s e ts .
T rain ing: R = 0 .903
M easu red  R C F
V alid ation : R = 0.883
Test: R = 0 .895 A ll: R = 0 .894
M easu red  RCF
F ig u r e  2 . R e g r e s s io n  p lo t s  o f  th e  N N  m o d e l  fo r  r o o t - w a t e r  p a r t it io n in g  a c c o r d in g  to  
tr a in in g , v a l id a t io n ,  t e s t in g  a n d  a ll d a ta s e ts .
W h i le  in  t h e  p r e v io u s  m o d e ls  f o r  p r e d ic t in g  R C F  d o  n o t  w o r k  w e l l  f o r  a ll  
c o m p o u n d s  a n d  th e r e  a re  s o m e  o u t l ie r s  ( B r ig g s  e t  a l., 1 9 8 2 ;  T o p p  e t  a l., 1 9 8 6 ) ,  t h e  N N  
m o d e l  p r e d ic t s  r o o t - w a t e r  p a r t it io n in g  w i t h  a c c e p t a b le  e r ro r  a n d  is  a p p l ic a b le  f o r  a ll  
c o m p o u n d s .  T h e  r e s id u a ls  o f  N N  m o d e l  f o r  tra in , v a l id a t io n ,  a n d  t e s t  d a ta s e t s  w e r e  p lo t t e d  
o u t  a g a in s t  t h e  f r e q u e n c y ,  s e e  F ig u r e  3 . T h e  r e s u lt s  in d ic a t e  a  n o r m a l d is t r ib u t io n  o f  e r ro r  
le a d in g  t o  s p e c i f i c  b e l l - s h a p e d  c u r v e ,  w i t h  t h e  h ig h e s t  p o in t  in  t h e  m id d le  a n d  s m o o t h ly
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curving symmetrical slopes on both sides of the center. A Gaussian curve (normal 
distribution of error) reveals our results are symmetrical and approach zero. It was observed 
that the prediction error is mainly because of moderately hydrophobic compounds with log 
Kow o f 1.42-2.9, and molecular weight of 166-227 Da. The reported RCF values for these 
compounds vary from 0.5-71. It has been reported in previous studies that the variation in 
these the uptake and translocation values for these compounds is due to difference in the 
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Figure 3. Residual plot (error histogram with 20 bins) for NN model predicting RCF.
NN have shown high accuracy as function approximators in several problems 
(Bagheri et al., 2019; Rossi et al., 2019; Torbati, 2016). The implemented root-water 
partitioning model captured the general changes in the RCF values with no oscillations. 
Traditional partitioning models have limited accuracy because of their single parameter 
approach, they are unreliable, and their substantial interactions with membrane lipids result
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in several outliers (Briggs et al., 1982; Jonker, 2008). The results of this study showed that 
the NN combined with composite models for root-water partitioning improve 
understanding o f the uptake and translocation of EFCs in plants. The root-water 
partitioning can also be predicted using poly-parameter linear free energy relationships 
(pp-LFERs) described by Abraham and others (Abraham et al., 2006; Clarke, 2009). These 
pp-LFERs have shown high accuracies in predicting partitioning coefficients of 
environmental models. NN is a capable method, which can accurately predict the 
partitioning o f lipids, cellulose, waxes, hemicellulose, and phenolics to water based on 
Abraham descriptors. Since the plant root is mainly composed of lipids, cellulose, waxes, 
hemicellulose, and phenolics, root-water partitioning can be predicted with a high 
accuracy.
3.2. SIGNIFICANT PROPERTIES AND THEIR CORRELATION WITH RCF
The importance and significance of compound properties including log Kow, MW, 
HBD, HBA, RB, and PSA for the root-water partitioning was investigated using stepwise 
regression method. Previous studies mainly considered log Kow as the only significant 
property, and tried to relate this compound property to the RCF (Briggs et al., 1982). The 
analysis results from Table 1 show that MW, log Kow and the number of RB are, in order, 
the most significant compound properties for root-water partitioning. However, the number 
of RB is not a significant property since the p-value for the RB exceeded 0.05 and the t- 
statistic was 1.12. Multicollinearity as a common problem was also considered while 
estimating linear or generalized linear models. Variance inflation factor (VIF) was 
evaluated as it quantifies how much the variance a coefficient is inflated because o f linear
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dependence with other predictors. The results indicated that multicollinearity is not a 
concern in our analysis, and multicollinearity does not exist among significant predictors. 
For example, the results showed that MW is not collinear with log Kow and RB, as the VIF 
values are 1.3 and 2.1, respectively. Previous studies have reported HBD as an important 
properties for the prediction of uptake efficiency. While HBD is not a significant predictor 
for the root-water partitioning, our analysis indicates that HBD is not collinear with MW 
and log Kow (VIF less than 3). The lack of collinearity between insignificant properties such 
as HBA and PSA (VIF of 2.5) conforms that the relative importance of significant 
predictors are reliable. The correlation analysis also shows that MW, log Kow, and RB are 
positively correlated with RCF. These results agree with the findings of previous studies, 
which also consider MW as an important predictor in addition to log Kow (Burken and 
Schnoor, 1998; Felizeter et al., 2012). The MW was the first significant property with p- 
value and t-statistic values a little higher than log Kow. It seems that with a larger and more 
comprehensive dataset, the significance of properties can be investigated better.
Table 1. Pearson correlation of the six compound properties with the RCF.
RCF l°g Kow MW HBD HBA RB PSA
RCF 1 0.723 0.779 -0.121 -0.196 0.686 -0.123
l°g Kow 0.723 1 0.857 -0.315 -0.438 0.656 -0.417
MW 0.779 0.857 1 -0.137 -0.196 0.845 -0.092
HBD -0.121 -0.315 -0.137 1 0.301 -0.025 0.463
HBA -0.196 -0.438 -0.196 0.301 1 0.078 0.887
RB 0.686 0.656 0.845 -0.025 0.078 1 0.138
PSA -0.123 -0.417 -0.092 0.463 0.887 0.138 1
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3.3. SIMULTANEOUS IMPACTS AND PHYSICOCHEMICAL CUTOFFS
T h e  r e s u lt s  o f  f u z z y  l o g i c  in d ic a t e  th a t  t h e  R C F  is  p r o p o r t io n a l  w i t h  t h e  l o g  K ow, a s  
s h o w n  in  F ig u r e  4 . T h e s e  f in d in g s  m a tc h  t h e  r e s u lt s  o f  p r e v io u s  r e s e a r c h  ( B u r k e n  a n d  
S c h n o o r ,  1 9 9 8 ) .  T h e  r e la t io n s h ip  b e t w e e n  t h e  lo g  K ow a n d  t h e  R C F  w a s  s ig m o id a l ,  a s  
i l lu s t r a te d  in  F ig u r e  4 . T h e  R C F  w a s  l o w  w it h  t h e  l o g  K ow v a lu e s  o f  l e s s  th a n  4 ,  a n d  th e n  
in c r e a s e d  fo r  t h e  l o g  K ow v a lu e s  f r o m  4  t o  6 . T h e  R C F  d id  n o t  in c r e a s e  c o n s id e r a b ly  fo r  
c o m p o u n d s  w it h  l o g  K ow v a lu e s  g r e a te r  th a n  6 . C o m p o u n d s  w i t h  h ig h e r  l ip o p h i l i c i t y  a re  
m o r e  l ik e ly  t o  p a r t it io n  t o  r o o t  l ip id s  a n d  c o n c e n t r a te  in  t h e  p la n t  r o o t  b e c a u s e  h ig h ly  
l ip o p h i l i c  m o le c u l e s  a re  n o t  e a s i ly  tr a n s p o r te d  in  th e  p la n t s  e v e n  a f te r  lo n g  te r m  e x p o s u r e  
( M il le r  e t  a l., 2 0 1 6 ) .  T h e  p o s i t iv e  c o r r e la t io n s  b e t w e e n  t h e  R C F  a n d  r o o t  l ip id  c o n t e n t s  h a s  
b e e n  r e p o r te d  f o r  a  n u m b e r  o f  c o n ta m in a n ts  in  p r e v io u s  s t u d ie s  ( G a o  a n d  Z h u , 2 0 0 4 ) .  T h e  
r e s u lt s  s h o w  th a t  th e r e  is  a  l im it e d  a c c u m u la t io n  f o r  h y d r o o p h i l ic  c o m p o u n d s  in  t h e  p la n t  
r o o t . M o r e  d a ta  o n  t h e  t e n d e n c y  o f  c o m p o u n d s  w i t h  h ig h e r  l ip o p h i l i c i t y  t o  a c c u m u la te  in  
t h e  p la n t  r o o t  c a n  im p r o v e  o u r  k n o w le d g e  o f  u p t a k e  a n d  t r a n s lo c a t io n .  T h e  R C F  a ls o  
in c r e a s e s  s ig n i f i c a n t ly  w i t h  t h e  in c r e a s e  o f  t h e  M W , b a s e d  o n  t h e  c o m p o u n d s ’ lo g  K ow 
v a lu e .  F o r  t h e  c o m p o u n d s  w i t h  th e  M W  >  4 0 0  D a , t h e  h ig h e s t  a c c u m u la t io n  in  t h e  p la n t  
r o o t  a p p e a r s  w h e n  t h e  lo g  K ow >  4 . F o r  t h e  c o m p o u n d s  w it h  M W  >  4 0 0  D a , t h e  in c r e a s e  in  
a c c u m u la t io n  r a te  i s  n o t  s ig n i f ic a n t  w h e n  lo g  K ow <  4 . T h is  l im it e d  in c r e a s e  in  a c c u m u la t io n  
r a te  is  a l s o  tr u e  f o r  c o m p o u n d s  w it h  h ig h  l ip o p h i l i c i t y  ( i .e . ,  l o g  K ow >  6 ) . T h e  a c c u m u la t io n  
r a te  in  t h e  p la n t  r o o t  i s  m o r e  th a n  th a t  fo r  c o m p o u n d s  w i t h  a n  M W  o f  l e s s  th a n  4 0 0  D a  
w h e n  M W  e x c e e d s  4 0 0  D a . T o  a s s e s s  t h e  a c c u m u la t io n  o f  c o m p o u n d s  in  p la n t  r o o t s ,  b o th  
t h e  M W  a n d  t h e  lo g  K ow s h o u ld  b e  c o n s id e r e d  s im u lta n e o u s ly .  T h e  R B , a s  th e  th ir d  m o s t  
im p o r ta n t  c o m p o u n d  p r o p e r ty , h a s  a  s im u lta n e o u s  e f f e c t  w i t h  t h e  l o g  K ow ( F ig u r e  4 ) .  T h e
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accumulation in the root increases with the increase of the RB, and the rate of accumulation 
is more intense when the log Kow > 4.
Figure 4. Simultaneous impacts of the log Kow, MW and RB on the RCF, and their
physicochemical cutoffs.
This work shows that the MW, log Kow, and RB are positively correlated with the 
RCF in comparison with the findings of (Bagheri et al., 2019; Limmer and Burken, 2014), 
on physicochemical cutoffs for compounds with a high TSCF. Limmer and Burken (2014) 
found that the compounds with log Kow <4, MW < 350 Da, and RB <7 are most likely to 
be translocated by plants. Our results show that the compounds with log Kow>4, 
MW> 400 Da, and RB >8 are most likely to be accumulated in the plant roots (The 
properties are multiples of four as comparing with the rule of five for the translocatable
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compounds). Furthermore, this study indicates that the assessment of the log Kow, MW, and 
RB determines whether a given compound accumulates in plant roots or is likely to be 
translocated. To examine a given compound, the physicochemical cutoffs for the three 
properties should be assessed simultaneously.
Figure 5. Simultaneous impacts of log Kow and insignificant compound properties 
(HBD, HBA and PSA) on the RCF, and their physicochemical cutoffs.
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The insignificant compound properties including HBD, HBA and PSA are 
negatively correlated with the RCF, resemble the trend for the translocatable compounds 
in plants (Limmer and Burken, 2014). As shown in Figure 5, the compounds with HBD <3, 
HBA < 6 and PSA < 80 A2 are more likely to accumulate in the plant root. The 
simultaneous impacts of these compound properties and log Kow on the accumulation of 
root-water partitioning are also important here. However, the impacts of these three 
compound properties are less than the impact of log Kow, MW and RB on the RCF. The 
physicochemical cutoffs of the HBD, HBA and PSA in this study for the RCF are very 
similar to those reported for highly translocatable compounds (Bagheri et al., 2019; 
Limmer and Burken, 2014). The results of this work show that HBD, HBA and PSA are 
not the appropriate compound properties for examining the likelihood o f a given compound 
to accumulate in a plant root or to be translocated since they share similar cutoffs for both 
the RCF and the TSCF.
The log Kow and MW are two compound properties with great significance for 
chemicals that accumulate in plant roots based on the findings of this study, or that cross 
the plant root membrane based on the findings of (Bagheri et al., 2019; Limmer and 
Burken, 2014). Therefore, these two compound properties were considered to investigate 
the uptake and translocation of emerging contaminants in the edible parts o f the plants. The 
results indicated that the relationship between the log Kow and FCF is bell-shaped, and the 
relationship between the MW and FCF is sigmoidal (Figure 6). By comparing the 
relationships between the compound properties in various plant tissues, the relationships 
for the compounds detected in the edible parts is more closely match the compounds 
crossing plant root membranes (in xylem sap) than compounds accumulating in plant roots.
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Figure 6. Simultaneous impacts of the log Kow and the MW on the variation of the FCF,
and their physicochemical cutoffs.
The compounds with a log Kow < 4 and an MW < 350 Da are more likely to end up 
in the edible parts of the plants. However, for the compounds with a log Kow < 0 
(hydrophilic compounds), the uptake and translocation to the edible parts of the plants
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d e c r e a s e  in  c o m p a r is o n  t o  m o d e r a t e ly  h y d r o p h o b ic  c o m p o u n d s  ( lo g  K ow v a lu e s  o f  1 -3 ) .  F o r  
t h e  h y d r o p h il ic  c o m p o u n d s  w it h  a n  M W  <  1 2 0  D a ,  t h e  r e la t io n s h ip  b e t w e e n  t h e  lo g  K ow 
a n d  T S C F  is  s ig m o id a l ,  w h i l e  t h e  r e la t io n s h ip  b e t w e e n  t h e  l o g  K ow a n d  F C F  is  b e l l - s h a p e d .  
T h is  is  in te r e s t in g  a s  it  h a s  b e e n  r e p o r te d  in  a  r e c e n t  s tu d y  th a t  h y d r o p h il ic  c o m p o u n d s  a re  
m o r e  l ik e ly  t o  b e  t a k e n  u p  a n d  t r a n s lo c a t e d  t o  t h e  e d ib le  p a r ts  c o m p a r in g  w it h  m o d e r a t e ly  
h y d r o p h o b ic  c o m p o u n d s  ( B a g h e r i  e t  a l., 2 0 1 9 ) .
3.4. CLUSTERING OF THE CONTAMINANTS
T h e  k - m e a n s  a lg o r ith m  p a r t it io n e d  t h e  c o m p o u n d s  in to  c lu s t e r s  la b e le d  ( A ) ,  ( B )  
a n d  (C ) .  C lu s te r  ( A )  c o n t a in s  a ll t h e  c o m p o u n d s  w it h  a  h ig h  t e n d e n c y  t o  s e t t le  in  p la n t  
r o o ts .  A s  i l lu s t r a te d  in  F ig u r e  7 , c lu s t e r  ( A )  c o m p o u n d s  h a v e  a  l o g  K ow > 4  a n d  a n  M W  >  
4 0 0  D a . T h e s e  r e s u lt s  m a tc h  t h o s e  f r o m  f u z z y  lo g i c ,  w h i c h  w e r e  d is c u s s e d  e a r lie r . T h e  
a v e r a g e  R C F  fo r  t h e  c o m p o u n d s  in  t h is  c lu s t e r  i s  1 4 3  w it h  l o g  K ow a n d  M W  a v e r a g e s  o f  6  
a n d  5 8 0  D a ,  r e s p e c t iv e ly .  T h e  a v e r a g e  R C F  fo r  c lu s t e r  ( B )  c o m p o u n d s  i s  8 .4  ( i .e . ,  
s e v e n t e e n  t im e s  lo w e r  th a n  th a t  fo r  ( A ) )  w i t h  t h e  l o g  K ow a n d  M W  a v e r a g e s  o f  3 .4  a n d  2 5 0  
D a , r e s p e c t iv e ly .  T h e  a v e r a g e  R C F  fo r  c lu s t e r  ( C )  c o m p o u n d s  is  3 . 7 6  ( i .e . ,  th ir ty  e ig h t  
t im e s  lo w e r  th a n  th a t  fo r  ( A ) )  w i t h  t h e  l o g  K ow a n d  M W  a v e r a g e s  o f  1 .5  a n d  1 2 0  D a ,  
r e s p e c t iv e ly .  A c c o r d in g  t o  t h e  p h y s ic o c h e m ic a l  c u t o f f s  in tr o d u c e d  b y  ( L im m e r  a n d  
B u r k e n , 2 0 1 4 ) ,  u s in g  d e s ir a b i l i t y  f u n c t io n s ,  t h e  c lu s t e r  ( B )  a n d  ( C )  c o m p o u n d s  are  
t r a n s lo c a t a b le  t o  a e r ia l t i s s u e s .  T h e  r e s u lt s  in d ic a t e  th a t  c lu s t e r in g  a lg o r it h m s  a re  c a p a b le  
t o o l s  t o  c l a s s i f y  t h e  p la n t  s p e c ie s  b a s e d  o n  u p ta k e  e f f i c i e n c y .  O n e  o f  t h e  im p o r ta n t  
a d v a n t a g e s  o f  c lu s t e r in g  a lg o r ith m s  i s  th a t  t h e y  c a n  g r o u p  p la n t  s p e c ie s  b y  c o n s id e r in g  th e  
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The other properties of the compounds in the clusters (i.e., the insignificant 
properties in terms o f accumulation in plant roots) are shown in Figure 8. The results 
indicate that the MW is the most significant property in compounds classification. The 
collected results show that the cutoff limits concluded from fuzzy logic are in line with 
those from k-means. Furthermore, clustering analysis of contaminants in plant roots 
confirms that the cutoffs for the HBD, HBA and PSA are inversely correlated with RCF.
The most significant clustering criteria for the emerging contaminants in the edible 
parts of plants was obtained from k-means (k=3). Figure 9 shows the resulting groups and 
visualizes the compounds in each cluster using MW vs. log Kow. The compounds in each 
of the three clusters share the same features of physicochemical properties, uptake, and 
translocation. The average of the physicochemical properties for the compounds in each 
cluster matches the physicochemical cutoffs achieved by fuzzy logic. Cluster (A) with 
log Kow and MW averages of 4.8 and 450 Da, respectively has an FCF average o f 0.25. The 
compounds in this cluster share the same physicochemical properties with the compounds 
that are less likely to cross the plant root membrane. The compounds in cluster (B) have 
log Kow and MW averages of 3.25 and 250 Da, respectively and the highest FCF average 
of 11. The compounds in cluster (B) share the same properties with the moderately 
hydrophobic compounds that have a high likelihood of uptake and translocation, according 
to the physicochemical cutoffs (Limmer and Burken, 2014). Cluster (C) groups the 
compounds with a log Kow <0 and an MW<100 Da. The analysis o f the compounds in this 
cluster indicated that the translocation of hydrophilic compounds and heavy metals to the 
edible parts of the plant is less than that of the moderately hydrophobic compounds. The
72
compounds in the third cluster have an average log Kow, MW, and FCF of -0.6 and 50 g/mol 
and 1.2, respectively. These results also match those obtained from fuzzy logic.
Figure 9. Visualization of the clustered emerging contaminants in the edible parts of the
plants.
3.5. HIGH UPTAKE AND IMPLICATIONS TO FOOD SECURITY
Our analysis indicated that perfluorinated compounds are the contaminants with 
highest FCF. The perfluorinated chemicals with moderate hydrophobicity (log Kow of 2 to 
3) have the highest bioconcentration, for some compounds FCF up to 243. This is in a 
perfect line with the findings of fuzzy logic, the physicochemical properties of the 
compounds detected in edible parts are similar to those with high TSCF. Moderately 
hydrophobic compounds have the highest uptake efficiency and TSCF values according to
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published studies (Bagheri et al., 2019; Limmer and Burken, 2014). Such high 
bioconcentration factors for perfluorinated compounds is of concern for both food security 
and human health, as these compounds have been detected in tomato, strawberry, pea, and 
cabbage. Based on U.S. environmental protection agency (EPA), perfluorinated chemicals 
are toxic compounds that includes per- and polyfluoroalkyl substances (PFAS). Some of 
these compounds are very persistent in the environment and in the human body. They 
accumulate over time and do not break down; thus, long-term human exposure to them 
through food consumption is of high concern. Based on U.S. EPA, there is evidence that 
human exposure to PFAS can lead to adverse health effects. The prediction of 
bioconcentration factors using our machine learning models is important, especially for 
untested compounds. U.S. food and drug administration has reported that PFAS 
contamination in food can occur through environmental contamination, where food are 
grown in contaminated water and soil. Our analysis also showed that some of the 
perfluorinated compounds and persistent organic pollutants have the highest RCF values 
(up to 498). The detected compounds with high RCFs have log Kow of 4 or higher, which 
is in a good agreement with the physicochemical cutoffs obtained by fuzzy logic. Similar 
to perfluorinated compounds, persistent organic pollutants are of high concern because 
they exhibit high lipid solubility, high bioaccumulation in fatty tissues, and high stability. 
While compounds with higher log Kow have lower capacity for translocation to aerial 




V a r io u s  m a c h in e  le a r n in g  t e c h n iq u e s  w e r e  u s e d  to :  m o d e l  t h e  a c c u m u la t io n  o f  
e m e r g in g  c o n t a m in a n ts  in  p la n t  r o o ts ,  c o m p a r e  t h e  p h y s ic o c h e m ic a l  c u t o f f s  fo r  
c o n t a m in a n ts  in  p la n t  r o o t s  a n d  e d ib le  p a r ts , a n d  e x a m in e  t h e  c a p a c i ty  o f  e n v ir o n m e n ta l  
c o n t a m in a n ts  t o  r e s id e  in  v a r io u s  p a r ts  o f  t h e  p la n ts .  T h e  r e s u lt s  o f  t h is  s tu d y  s h o w  that:  
N N  is  e f f i c i e n t  f o r  p r e d ic t in g  th e  e n v ir o n m e n ta l  c o n t a m in a n ts  in  p la n t  r o o t s  ( i .e . ,  R C F ) ,  
a n d  f u z z y  l o g i c  i s  e f f i c i e n t  in  e x a m in in g  t h e  in te r a c t io n  b e t w e e n  t h e  p h y s ic o c h e m ic a l  
p r o p e r t ie s  o f  t h e  e n v ir o n m e n ta l  c o n ta m in a n ts .
T h e  r e s u lt s  o f  f u z z y  lo g i c  in d ic a t e d  th a t  t h e  p h y s ic o c h e m ic a l  c u t o f f s  fo r  
c o n t a m in a n ts  in  t h e  e d ib le  p a r ts  o f  th e  p la n t s  are  c lo s e r  t o  t h e  c u t o f f s  fo r  c o m p o u n d s  
c r o s s in g  p la n t  r o o t  m e m b r a n e s  ( in  x y l e m  s a p )  th a n  th e  c u t o f f s  f o r  c o m p o u n d s  a c c u m u la t in g  
in  t h e  p la n t  r o o t s .  C lu s te r in g  o f  e n v ir o n m e n ta l  c o n t a m in a n ts  u s in g  k - m e a n s  c lu s t e r in g  
s u p p o r te d  t h e  f in d in g s  o f  f u z z y  lo g ic .  T h e  r e s u lt s  o f  k - m e a n s  p r o d u c e d  c u t o f f s  b a s e d  o n  
m o le c u la r  w e ig h t  o f  c h e m ic a l  c o m p o u n d s  th a t  w e r e  id e n t ic a l  t o  p h y s ic o c h e m ic a l  c u t o f f s  
o b ta in e d  f r o m  f u z z y  lo g ic .
T h e  r e s u lt s  o f  t h is  s tu d y  s h o w  th a t  t h e  in te g r a t io n  o f  m a c h in e  le a r n in g  t e c h n iq u e s  
w it h  m e c h a n is t ic  m o d e ls  im p r o v e s  o u r  u n d e r s ta n d in g  o f  t h e  u p ta k e  a n d  t r a n s lo c a t io n  o f  
t h e  e n v ir o n m e n ta l  c o n t a m in a n ts  in  p la n ts .  T h e  m a c h in e  le a r n in g  m o d e ls  c a n  h e lp  w it h  
im p r o v e d  a c c u r a c y  o f  p r e d ic t in g  c o n c e n t r a t io n s  f a c t o r s  a n d  a ls o  o th e r  a n a ly s e s  r e la te d  to  
t h e  in te r a c t io n  o f  p r e d ic to r s .  S u c h  a n  in te g r a t io n  w it h  m e c h a n is t ic  m o d e ls  c a n  le a d  to  
im p r o v e d  u n d e r s ta n d in g  o f  t h e  p r o b le m  in  s e v e r a l  a s p e c t s .
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ABSTRACT
U p t a k e  o f  s e v e n  o r g a n ic  c o n t a m in a n ts  in c lu d in g  b is p h e n o l  A , 2 ,4 -d in i t r o to lu e n e ,  
e s tr io l ,  N ,N - d ie t h y l - m e t a - t o lu a m id e  ( D E E T ) ,  c a r b a m a z e p in e ,  a c e t a m in o p h e n ,  a n d  
l in c o m y c in  b y  t o m a t o  ( S o la n u m  l y c o p e r s i c u m  L .) ,  c o r n  ( Z e a  m a y s  L .) ,  a n d  w h e a t  
(T r it ic u m  a e s t iv u m  L .)  w a s  m e a s u r e d . T h e  p la n t s  w e r e  g r o w n  in  a  g r o w t h  c h a m b e r  u n d e r  
r e c o m m e n d e d  c o n d it io n s  a n d  d o s e d  b y  t h e s e  c h e m ic a l s  f o r  1 9  d a y s . T h e  p la n t  s a m p le s  
( s t e m  tr a n s p ir a t io n  s tr e a m )  a n d  s o lu t io n  in  t h e  e x p o s u r e  m e d ia  w e r e  ta k e n  t o  m e a s u r e  
t r a n s p ir a t io n  s tr e a m  c o n c e n t r a t io n  fa c t o r  (T S C F ) .  T h e  p la n t  s a m p le s  w e r e  a n a ly z e d  b y  a  
f r e e z e - t h a w  c e n t r ifu g a t io n  t e c h n iq u e  f o l l o w e d  b y  h ig h  p e r fo r m a n c e  l iq u id  
c h r o m a to g r a p h y - ta n d e m  m a s s  s p e c tr o m e tr y  d e t e c t io n .  M e a s u r e d  a v e r a g e  T S C F  v a lu e s  
w e r e  u s e d  t o  t e s t  a  n e u r a l n e t w o r k  ( N N )  m o d e l  p r e v io u s ly  d e v e lo p e d  fo r  p r e d ic t in g  p la n t  
u p ta k e  b a s e d  o n  p h y s ic o c h e m ic a l  p r o p e r t ie s .  T h e  r e s u lt s  in d ic a t e d  th a t  m o d e r a t e ly  
h y d r o p h o b ic  c o m p o u n d s  in c lu d in g  c a r b a m a z e p in e  a n d  l in c o m y c in  h a v e  a v e r a g e  T S C F  
v a lu e s  o f  0 .4 3  a n d  0 .7 9 ,  r e s p e c t iv e ly .  T h e  a v e r a g e  u p ta k e  o f  D E E T , e s tr io l ,  a c e t a m in o p h e n ,  
a n d  b is p h e n o l  A  w a s  a ls o  m e a s u r e d  a s  0 .3 4 ,  0 .2 9 ,  0 .2 2 ,  a n d  0 .1 ,  r e s p e c t iv e ly .  T h e  2 ,4 -  
d in i tr o to lu e n e  w a s  n o t  d e t e c te d  in  t h e  s t e m  tr a n s p ir a t io n  s tr e a m  a n d  it  w a s  s h o w n  to
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d e g r a d e  in  t h e  r o o t  z o n e .  B a s e d  o n  t h e s e  r e s u lts  t o g e t h e r  w it h  p la n t  p h y s io l o g y  
m e a s u r e m e n t s ,  it  w a s  c o n c lu d e d  th a t  p h y s ic o c h e m ic a l  p r o p e r t ie s  o f  t h e  c h e m ic a ls  d id  
p r e d ic t  u p ta k e , h o w e v e r ,  t h e  r o le  o f  o th e r  f a c t o r s  s h o u ld  b e  c o n s id e r e d  in  t h e  p r e d ic t io n  o f  
T S C F . W h i le  N N  m o d e l  c o u ld  p r e d ic t  T S C F  b a s e d  o n  p h y s ic o c h e m ic a l  p r o p e r t ie s  w it h  
a c c e p t a b le  a c c u r a c ie s  ( m e a n  s q u a r e d  er r o r  l e s s  th a n  0 .2 5 ) ,  t h e  r e s u lt s  fo r  2 ,4 - d in i t r o t o lu e n e  
a n d  o th e r  c o m p o u n d s  c o n f ir m  t h e  n e e d s  fo r  c o n s id e r in g  o th e r  p a r a m e te r s  r e la te d  t o  b o th  
c h e m ic a l s  ( s ta b i l i t y )  a n d  p la n t  s p e c ie s  ( r o le  o f  l ip id s ,  l ig n in ,  a n d  c e l lu lo s e ) .
1. INTRODUCTION
S c a r c it y  o f  f r e s h  w a te r  i s  p r e d ic te d  t o  im p a c t  m o r e  th a n  6 0 %  o f  t h e  g lo b a l  
p o p u la t io n  b y  2 0 3 0  (Q a d ir  e t  a l.,  2 0 0 7 ) .  F r e s h  w a te r  s c a r c ity  in  m a n y  r e g io n s  a ll  o v e r  th e  
w o r ld  h a s  r e s u lte d  in  t h e  in c r e a s e d  u s e  o f  w a te r  r e u s e  s t r a te g ie s  s u c h  a s  r e c la im in g  
w a s t e w a t e r  fo r  ir r ig a t io n  ( V a l ip o u r  a n d  S in g h , 2 0 1 6 ) .  E s t im a t e s  r e v e a l  th a t  o v e r  3 .5  m i l l i o n  
h e c ta r e s  o f  a g r ic u ltu r a l la n d  w o r ld w id e  a re  ir r ig a te d  w it h  tr e a te d , d i lu te d ,  p a r t ly  t r e a te d  o r  
u n tr e a te d  w a s t e w a t e r  ( J im e n e z  a n d  A s a n o ,  2 0 0 4 ;  Q a d ir  e t  a l.,  2 0 1 0 ) .  In  a d d it io n , b io s o l id s  
f r o m  m u n ic ip a l  w a s t e w a t e r  f a c i l i t i e s  a n d  a n im a l m a n u r e s  a re  f r e q u e n t ly  u s e d  a s  f e r t i l iz e r s  
d u e  t o  m u lt ip le  e c o n o m ic  b e n e f i t s  (P a n  a n d  C h u , 2 0 1 7 a ) ,  h o w e v e r ,  b io s o l id s  a re  k n o w n  to  
b e  p r im a r y  fa te  o f  p h a r m a c e u t ic a ls  a n d  p e r s o n a l  c a r e  p r o d u c ts  in  b o th  m u n ic ip a l  b io s o l id s  
a n d  a n im a l m a n u r e s  (W u  e t  a l., 2 0 1 5 ) .  S tu d ie s  o v e r  t h e  la s t  t w o  d e c a d e s  c o n f ir m  th a t  an  
in c r e a s in g  n u m b e r  o f  o r g a n ic  c o m p o u n d s  a re  in tr o d u c e d  t o  o u r  a g r o s y s t e m s  t h r o u g h  th e  
a p p lic a t io n  o f  b io s o l id s ,  a n im a l m a n u r e s , a n d  c r o p  ir r ig a t io n  u s in g  r e c la im e d  w a s t e w a t e r  
(F u  e t  a l., 2 0 1 9 ;  W u  e t  a l., 2 0 1 5 ) .
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Uptake of antibiotics (tetracycline, sulfamethazine, norfloxacin, erythromycin, 
and chloramphenicol) by lettuce (Lactuca sativa), carrot (Daucus carota) and tomato 
(Solanum lycopersicum), and their subsequent translocation to the edible parts indicates 
that crops are capable of taking up different PPCPs (Pan and Chu, 2017b). Phthalate esters 
as large-volume chemicals found ubiquitously in soil have been detected in the edible parts 
of strawberry (Fragaria x ananassa), lettuce, and carrot (Sun et al., 2015). It was also 
observed that phthalate esters are metabolized to monoesters in both whole plants and plant 
cells. Perfluoroalkyl substances and halogenated flame retardants also have been shown to 
be taken up and translocated by spinach (Spinacia oleracea), tomato, and corn (Zea mays 
L.) (Navarro et al., 2017). Human exposure to environmental contaminants through 
consumption of contaminated crops and vegetables is a pathway o f interest in term of 
environmental and public health. This exposure pathway has received serious attention in 
recent years due to detection of environmental contaminants in human breast milk and 
blood (Fromme et al., 2009; Karrman et al., 2006; Yusa et al., 2012).
The uptake of organic compounds is measured by the transpiration stream 
concentration factor (TSCF), which is the ratio of compound concentration in the stem 
transpiration stream to the compound concentration in the exposure media. In this study, 
the TSCF of seven organic compounds including bisphenol A, estriol, 2,4-dinitrotoluene, 
N,N-diethyl-meta-toluamide (DEET), carbamazepine, acetaminophen, and lincomycin is 
investigated. The selected chemicals are a group of compounds with implications for food 
security, and human health. The United States Food and Drug Administration, European 
Union and Canada have banned the use of bisphenol A in baby bottles. Several studies 
have shown that estriol as a medication in menopausal hormone therapy can cause reduced
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r e p r o d u c t iv e  c a p a c i ty  a n d  a b n o r m a l s e x u a l  d e v e lo p m e n t  w it h  c o n t in u a l  lo n g - t e r m  
e x p o s u r e  a t v e r y  l o w  c o n c e n t r a t io n s  (K a r n ja n a p ib o o n w o n g  e t  a l., 2 0 1 1 ;  K id d  e t  a l.,  2 0 0 7 ) .  
T h e  U n i t e d  S ta t e s  E n v ir o n m e n ta l  P r o t e c t io n  A g e n c y  c o n s id e r s  2 ,4 - d in i t r o t o lu e n e ,  w h i c h  
i s  u s e d  t o  m a k e  d y e s  a n d  e x p l o s i v e s  a s  a  p r io r ity  p o llu ta n t .  T o x ic i t y  o f  t h is  c o m p o u n d  to  
h u m a n s  a n d  a n im a ls  h a s  b e e n  r e p o r te d  in  p r e v io u s  s t u d ie s  ( X u  a n d  J in g , 2 0 1 2 ) .  D E E T  a s  
a  c o m p o u n d  in  in s e c t  r e p e lla n t s  a f f e c t s  v i t a l  c e l lu la r  f u n c t io n s  b e c a u s e  it  m a y  in te r a c t  w it h  
m e m b r a n e  b o u n d  e n z y m e s  in  m a m m a lia n  c e l l s  ( M a r t in e z  e t  a l., 2 0 1 6 ) .  In  r e c e n t  s tu d ie s  
c a r b a m a z e p in e  w a s  d e t e c t e d  in  v e g e t a b le s  s o ld  c o m m o n ly  in  m a r k e t  ( P a l t ie l  e t  a l.,  2 0 1 6 ) ,  
a n d  it s  m e t a b o l i t e s  w e r e  s e v e r a l  t im e s  h ig h e r  th a n  t h e  p a r e n t  c o m p o u n d  ( M a lc h i  e t  a l., 
2 0 1 4 ) .  A c e t a m in o p h e n  i s  w i d e l y  u s e d  a  s in g le - c o m p o n e n t  m e d ic a t io n  d u e  t o  i t s  a n a lg e s i c  
a n d  a n t ip y r e t ic  e f f e c t s  (G h a n e m  e t  a l., 2 0 1 6 ) .  C h r o n ic  a c e t a m in o p h e n  e x p o s u r e  t o  a n d  
l in c o m y c in  a s  a n  a n t ib io t ic  i s  im p o r ta n t  s in c e  b o th  p h a r m a c e u t ic a ls  c a n  a lte r  s t e r o id o g e n ic  
p a th w a y  a n d  in c r e a s e  e s t r o g e n ic i t y  ( K im  e t  a l., 2 0 1 2 ) .
A c c u r a te  p r e d ic t io n  o f  e n v ir o n m e n ta l  c o n t a m in a n ts  is  im p o r ta n t  f o r  a s s e s s in g  r is k s  
a s s o c ia t e d  w it h  h u m a n  e x p o s u r e  to  t h e s e  c o n t a m in a n ts  th r o u g h  f o o d  c o n s u m p t io n  a n d  i s  a  
n o ta b le  g a p  in  c u r r e n t  k n o w le d g e .  S u c h  p r e d ic t io n s  a re  fu n d a m e n ta l  t o  a s s e s s  s p e c i f i c  
c o m p o u n d s  a s  t h e y  e m e r g e  a s  c o n t a m in a n ts  o f  c o n c e r n  in  a g r o - f o o d  s y s t e m s  (F u  e t  a l., 
2 0 1 9 ) .  N e u r a l  n e t w o r k  ( N N )  m o d e l in g  i s  a  c a p a b le  a p p r o a c h  t o  p r e d ic t  t h e  u p ta k e  o f  
o r g a n ic  c o m p o u n d s .  O n e  a im  o f  t h is  s tu d y  i s  t o  m e a s u r e  th e  u p ta k e  o f  b is p h e n o l  A , e s tr io l ,  
2 ,4 - d in i t r o t o lu e n e ,  D E E T , c a r b a m a z e p in e ,  a c e t a m in o p h e n ,  a n d  l in c o m y c in  b y  th r e e  p la n t  
s p e c ie s  in c lu d in g  to m a t o ,  c o r n  a n d  w h e a t .  T h e  c h e m ic a ls  s e le c t e d  in  t h is  s tu d y  c o v e r  a  
w id e - r a n g e  o f  c o m p o u n d  p r o p e r t ie s ,  a n d  t h e  th r e e  p la n t  s p e c ie s  r e p r e s e n t  a  b r o a d  b o ta n ic a l  
s p a c e . T h e s e  c o m p o u n d s  a re  im p o r ta n t  in  t e r m s  o f  h u m a n  h e a lth  a n d  t h e  u p ta k e  o f  s o m e
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h a s  n e v e r  b e e n  t e s t e d  in  p la n t  s y s t e m s .  T h e  r e s u lt s  o f  u p ta k e  e x p e r im e n ts  a re  fu r th er  
a n a ly z e d  t o  b e t te r  u n d e r s ta n d  t h e  r e la t io n s h ip  b e t w e e n  T S C F  a n d  p h y s ic o c h e m ic a l  
p r o p e r t ie s  o f  t h e  c o m p o u n d s .  T h e  T S C F  v a lu e s  fo r  t h e  t e s t e d  c o m p o u n d s  a re  a ls o  p r e d ic te d  
b y  c o n s id e r in g  th e ir  p h y s ic o c h e m ic a l  p r o p e r t ie s  u s in g  N N .  B a s e d  o n  t h e s e  a n a ly s e s ,  th e  
im p l ic a t io n s  o f  t h e s e  c o m p o u n d s  f o r  b o th  f o o d  s e c u r ity  a n d  h u m a n  h e a lth  a re  d is c u s s e d .
2. MATERIAL AND METHODS
2.1. CHEMICALS AND REAGENTS
T a r g e t  s ta n d a r d s  o f  e s tr io l  ( > 9 7 % ) ,  2 ,4 - d in i t r o t o lu e n e  ( 1 0 0  p g /m L  in  a c e t o n it r i le ) ,  
a c e t a m in o p h e n  ( > 9 9 % )  a n d  b is p h e n o l  A  ( > 9 9 % )  w e r e  p u r c h a s e d  f r o m  S ig m a - A ld r ic h  (S t .  
L o u is ,  M O , U S A ) .  T a r g e t  s ta n d a r d s  o f  c a r b a m a z e p in e  ( 9 8 % ) ,  l in c o m y c in  ( 9 9 .9 % ) ,  an d  
D E E T  (9 7 % )  w e r e  p u r c h a s e d  f r o m  A l f a  A e s a r  (W a r d  H i l l ,  M A , U S A ) .  T a b le  1 p r e s e n ts  
t h e  C A S  n u m b e r  a n d  p h y s ic o c h e m ic a l  p r o p e r t ie s  o f  t h e  c o m p o u n d s  u s e d  in  t h e  u p ta k e  
e x p e r im e n t .  F o r m ic  a c id  ( > 9 8 % )  a n d  a m m o n iu m  a c e t a te  ( > 9 9 .9 9 % )  w e r e  p u r c h a s e d  f r o m  
S ig m a - A ld r ic h  (S t .  L o u is ,  M O , U S A ) .  C o n c e n tr a te d  H o a g la n d  s o lu t io n  w a s  p u r c h a s e d  
f r o m  P h y t o T e c h n o l o g y  L a b o r a to r ie s  ( L e n e x a ,  K S ,  U S A ) .  L iq u id  c h r o m a t o g r a p h y - m a s s  
s p e c tr o m e tr y  ( L C - M S )  g r a d e  m e t h a n o l  a n d  a c e t o n it r i le  w e r e  p u r c h a s e d  f r o m  F is h e r  
S c ie n t i f i c  (F a ir  L a w n , N J , U S A ) .  U lt r a - h ig h  p u r ity  w a te r  ( 1 8 .2  M f l . c m )  w a s  p r e p a r e d  b y  
a n  E l ix - 3  w a te r  p u r if ic a t io n  s y s t e m  ( M il l ip o r e ,  B i l le r ic a ,  M A , U S A ) .  W a te r  w a s  d e g a s s e d  
a n d  f i l t e r e d  b y  v a c u u m  f i l t r a t io n  u s in g  0 .2 2  p m  n y lo n  m e m b r a n e  f i l t e r  p r  io r  to  s ta n d a rd  
p r e p a r a t io n  a n d  a n a ly s is .
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T a b le  1. P h y s ic o c h e m i c a l  p r o p e r t ie s  o f  t h e  c o m p o u n d s  u s e d  in  t h e  u p ta k e  e x p e r im e n t .
Compound CASNumber log K ow
MW
(Da) HBD HBA RB
PSA
(A2) pKa
Bisphenol A 80-05-7 3.40 228 2 2 4 40 10.2
Estriol 50-27-1 2.90 288 3 3 3 61 10.3
Carbamazepine 298-46-4 2.70 236 2 3 0 46 15.9
2,4-dinitrotoluene 121-14-2 2.10 182 0 6 2 92 13.5
DEET 134-62-3 2.00 191 0 2 3 20 -1.37
Lincomycin 154-21-2 0.91 407 5 8 11 148 7.60
Acetaminophen 103-90-2 0.34 151 2 3 2 49 9.50
Note: Octanol/Water partition coefficient (log K ow), molecular weight (MW), hydrogen bond 
donor (HBD), hydrogen bond acceptor (HBA), rotatable bonds (RB), polar surface area (PSA),
acid dissociation constant (pKa).
2.2. PLANT EXPOSURE EXPERIMENT
T o m a t o  ( S o la n u m  l y c o p e r s i c u m  L . )  a n d  c o r n  ( Z e a  m a y s  L . )  s e e d s  w e r e  p u r c h a s e d  
f r o m  J o h n n y ’ s s e le c t e d  s e e d s  ( W in s lo w ,  M E , U S A ) ,  a n d  w h e a t  (T r it ic u m  a e s t iv u m  L .)  
s e e d s  w e r e  p u r c h a s e d  f r o m  P o w e r  G r o w  S y s t e m s  ( L in d o n ,  U T ,  U S A ) .  T h e  s e e d s  w e r e  
s u r f a c e - s t e r i l i z e d  b y  s o d iu m  h y p o c h lo r i t e  s o lu t io n ,  a n d  th e n  w e r e  r in s e d  w it h  u lt r a -h ig h  
p u r ity  ( M Q )  w a te r  b e f o r e  tr a n s fe r r in g  to  th e  P e tr i  d is h e s  w it h  f i l t e r  p a p e r s . A  s u f f ic ie n t  
n u m b e r  o f  s e e d s  ( 2 - 3  t im e s  m o r e  th a n  t h e  m a in  r e p l ic a t e s )  w e r e  u s e d  fo r  g e r m in a t io n  t o  
p r o v id e  e n o u g h  s e e d l in g s  f o r  e a c h  s p e c ie s .  A lu m in u m  f o i l  w a s  u s e d  to  c o v e r  th e  P e tr i  
d is h e s  a n d  p r e s e r v e  d a rk  c o n d it io n s  a n d  r o o t  t e m p e r a tu r e . T h e  P e tr i  d is h e s  w e r e  c h e c k e d  
d a i ly  t o  m a k e  su r e  t h e  f i l t e r  p a p e r s  h a d  e n o u g h  m o is tu r e .  G e r m in a t io n  t o o k  7  d a y s  fo r  
t o m a t o ,  a n d  u p  to  5 d a y s  fo r  c o r n  a n d  w h e a t .  T h e  s e e d l in g s  w e r e  th e n  tr a n s p la n te d  in to  th e  
c o n ta in e r s  ( 2 5 0  m l d a rk  a m b e r  g la s s  w id e  m o u th  b o t t le s )  a f te r  t h e  g e r m in a t io n  s te p . T h e  
c o n ta in e r s  w e r e  f i l l e d  w i t h  g la s s  b e a d s  ( 2 5 0 - 4 2 5  m ic r o n s )  t o  w it h in  2 .5  c m  fr o m  t h e  t o p  o f  
t h e  b o t t le  t o  su p p o r t  t h e  r o o t  a p p a r a tu s  o f  t h e  s e e d l in g s .  T h e  s a m e  a m o u n t  o f  g la s s  b e a d s
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w a s  a d d e d  t o  a ll c o n t a in e r s  t o  m a in ta in  t h e  s a m e  c o n d it io n s  f o r  a ll  p la n ts .  T h e  p la n t s  w e r e  
g r o w n  in  a  g r o w t h  c h a m b e r  w it h  a  s e t  t e m p e r a tu r e  o f  2 5  °C , a n d  a  s e t  r e la t iv e  h u m id i ty  o f  
7 0 %  d u r in g  g r o w in g  p e r io d .  T h e  p la n ts  w e r e  u n d e r  l ig h t  in te n s ity  o f  3 5 0  p m o l /m 2s, 
m e a s u r e d  a t t h e  t o p  o f  t h e  c a n o p y , u s in g  L E D  l ig h t s  a n d  a  t im e r  t o  a c h ie v e  a  p h o t o p e r io d  
o f  1 6  h o u r s  l ig h t  a n d  8 h o u r s  d a r k n e ss . T h e  c o n t a in e r s  o n  t h e  s h e lv e s  u n d e r  t h e  l ig h t  w e r e  
p o s i t io n e d  r a n d o m ly ,  a n d  t h e y  w e r e  a ls o  c o v e r e d  w it h  a lu m in u m  f o i l  t o  a v o id  e v a p o r a t io n  
a n d  m in im iz e  l ig h t  in  t h e  r o o t  z o n e .
T h e  u p ta k e  e x p e r im e n ts  s ta r te d  w it h  d o s in g  a  s e t  o f  p r e l im in a r y  p la n t s  h a r v e s t in g  
o v e r  t im e  t o  f in d  t h e  s t e a d y  s ta te  o f  u p ta k e  ( e x p o s u r e  t im e  t o  b e  u s e d  fo r  t h e  m a in  p la n ts ) .  
T h e  d o s in g  c o n c e n t r a t io n  f o r  t h e s e  p la n t s  h a r v e s t in g  o v e r  t im e  w a s  4  m g /L . T h is  
p r e l im in a r y  s e t  c o n s is t e d  o f  1 2  p la n ts , w h i c h  w e r e  h a r v e s te d  at t h e  in te r v a ls  o f  1, 2 ,  3 , 5 , 
7  ( 2 ) ,  9 , 1 1 , 1 3 , 1 5 , 1 7 , a n d  1 9  d a y s . T h e  m a in  u p ta k e  e x p e r im e n t  c o n s is t e d  o f  th r e e  
d if f e r e n t  c o n c e n t r a t io n s  w i t h  s ix  r e p l ic a t e s  p e r  tr e a tm e n t  l e v e l  f o r  e a c h  g r o u p  o f  c h e m ic a ls  
( g r o u p in g s  d e s c r ib e d  b e lo w ) .  T h e  th r e e  c o n c e n t r a t io n s  f o r  d o s in g  m a in  p la n t s  w e r e  1, 4 ,  
a n d  8 m g /L  b y  c o n s id e r in g  t o x ic i t y  o f  t h e  c h e m ic a l s  a n d  d e t e c t io n  l im it s  fo r  t h e  a n a ly s is  
( H e  e t  a l., 2 0 1 9 ) .  In  a d d it io n , s ix  r e p l ic a t e s  w e r e  c o n s id e r e d  a s  c o n t r o ls  ( w i t h o u t  d o s in g )  
t o  c o m p a r e  t h e  r e s u lt s  w it h  t h e  d o s e d  p la n ts  f o r  e a c h  g r o u p , g iv in g  a  to ta l  o f  1 2 6  
c o n ta in e r s /p la n t s .  T h e  m a in  p la n t s  w e r e  h a r v e s te d  a f te r  f in d in g  t h e  s t e a d y  s ta te  c o n d it io n s .  
T o m a t o  w a s  t h e  f ir s t  t e s t e d  s p e c ie s  in  t h e  u p ta k e  e x p e r im e n ts  b e c a u s e  it  p r o b a b ly  h a s  
h ig h e r  u p ta k e  th a n  w h e a t  a n d  c o r n  (B a g h e r i  e t  a l.,  2 0 1 9 ) .  T h e  tr a n sp ir e d  w a te r  w a s  
m e a s u r e d  b y  w e ig h in g  t h e  c o n t a in e r s  d a ily  f o r  a ll  p la n t  r e p l ic a t e s  th r o u g h  t h e  e x p o s u r e  
p e r io d .  P la n t  p h y s io l o g y  m e a s u r e m e n t s  w e r e  r e c o r d e d  t o  e x a m in e  t h e  e f f e c t s  o f  c h e m ic a ls  
o n  t h e  g r o w t h  o f  p la n ts .
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T h e  c o n tr o l  p la n t s  w e r e  o n ly  f e d  d a i ly  w i t h  2 5 %  H o a g la n d  s o lu t io n  a n d  n o  
c h e m ic a l s  ( H e  e t  a l., 2 0 1 9 ) .  T o  f e e d  th e  c o n tr o ls ,  p u r e  H o a g la n d  w a s  d i s s o lv e d  in  M Q  
w a te r  a n d  a  m e a s u r e d  v o lu m e  o f  t h e  s o lu t io n  w a s  a d d e d  t o  e a c h  c o n ta in e r  u s in g  a n  
a p p r o p r ia te  s y r in g e .  T o  d o s e  th e  p la n t s  w it h  c h e m ic a l s ,  t h e  c o m p o u n d s  w e r e  d iv id e d  in to  
t w o  g r o u p s  b a s e d  o n  th e ir  p h y s ic o c h e m ic a l  p r o p e r t ie s ,  p r im a r ily  h y d r o p h o b ic i t y .  T h e  f ir s t  
g r o u p  o f  d o s in g  c o m p o u n d s  in c lu d e d  b is p h e n o l  A , e s tr io l ,  2 ,4 - d in i t r o t o lu e n e ,  
c a r b a m a z e p in e ,  a n d  D E E T . T h e  s e c o n d  g r o u p  in c lu d e d  a c e t a m in o p h e n ,  a n d  l in c o m y c in .  
B e f o r e  s ta r t in g  e x p o s u r e  f o r  t h e  m a in  p la n ts ,  m e t h a n o l  s t o c k  s o lu t io n s  w e r e  m a d e  fo r  a ll  
c o m p o u n d s  in  s e p a r a te  d a rk  m in in e r t  v ia ls .  T h e  d o s in g  s o lu t io n s  fo r  t h e  th r e e  
c o n c e n t r a t io n s  w e r e  m a d e  b y  d i lu t in g  m e t h a n o l  s t o c k  s o lu t io n s  in  M Q  w a te r . T h e  v o lu m e  
o f  m e t h a n o l  in  t h e  d o s in g  s o lu t io n  w a s  l e s s  th a n  1% . T o  p r o v id e  e n o u g h  n u tr ie n ts  fo r  th e  
p la n t s  d u r in g  t h e  e x p o s u r e  e x p e r im e n ts ,  a p p r o p r ia te  a m o u n t  o f  p u r e  H o a g la n d  (2 5 %  
H o a g la n d )  w a s  a d d e d  t o  t h e  d o s in g  s o lu t io n  ( H e  e t  a l., 2 0 1 9 ) .  T h e  s o lu t io n  w a s  f r e s h ly  
p r e p a r e d  d a ily . T h e  d o s in g  s o lu t io n s  (1 ,  4 ,  a n d  8 m g /L )  w e r e  a d d e d  t o  t h e  b o t t o m  e a c h  
c o n ta in e r  u s in g  a p p r o p r ia te  s y r in g e s .  N e w  d o s in g  s o lu t io n  w a s  a d d e d  t o  e a c h  c o n ta in e r  
d a i ly  b a s e d  o n  t h e  tr a n sp ir e d  w a te r  to  k e e p  t h e  s o lu t io n  l e v e l  a n d  d o s in g  c o n c e n t r a t io n s  
c o n s t a n t  d u r in g  t h e  e x p o s u r e .
2.3. SAMPLE PREPARATION
T h e  s o lu t io n  s a m p le s  f r o m  t h e  c o n t a in e r s  w e r e  c o l l e c t e d  u s in g  a n  a p p r o p r ia te  g la s s  
p ip e t t e  im m e d ia t e ly  b e f o r e  h a r v e s t in g  t h e  p la n ts .  T h e  e x tr a c te d  s o lu t io n  f r o m  e a c h  
c o n ta in e r  w a s  tr a n s fe r r e d  t o  a  t ig h t ly  s e a le d  v ia l ,  a n d  t h e n  w a s  k e p t  in  r e fr ig e r a to r  fo r  
a n a ly s is .  A f t e r  r e m o v in g  e a c h  p la n t  f r o m  t h e  c o n ta in e r s ,  t h e  r o o t s  w e r e  t h o r o u g h ly  r in s e d
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w it h  d e io n iz e d  w a te r  th r e e  t im e s .  T h e  p la n t  w a s  th e n  d iv id e d  in to  th r e e  p a r ts  in c lu d in g  
r o o t s ,  s te m , a n d  le a v e s ,  h o w e v e r ,  t h e  s t e m  w a s  a n a ly z e d  fo r  m e a s u r in g  T S C F . T o  c o n s id e r  
t h e  p o s s ib le  e f f e c t  o f  d o s in g  s o lu t io n  o n  t h e  s t e m  in  t h e  c o n ta in e r s ,  2  c m  fr o m  t h e  lo w e s t  
p a rt o f  s t e m  w a s  o m it t e d  a n d  t h e  s a m p le  w a s  ta k e n  f r o m  t h e  u p p e r  part. T h e  T S C F  w a s  
c a lc u la t e d  u s in g  t h e  tr a n s p ir a t io n  s tr e a m  s o lu t io n  c o l l e c t e d  f r o m  a e r ia l s e c t io n  o f  t h e  p la n t  
s te m . T h e  p la n t  s a m p le s  ( s t e m s )  w e r e  s to r e d  in  s e p a r a te  v ia l s  a n d  s e a le d  t ig h t ly ,  t h e n  w e r e  
k e p t  in  f r e e z e r  ( - 2 0  ° C )  fo r  s u b s e q u e n t  a n a ly s e s .  T h e  in te r n a l a q u e o u s  s o lu t io n  f r o m  th e  
p la n t  s t e m  w a s  s e p a r a te d  th r o u g h  a  f r e e z e - t h a w  c y c l e  f r o m  p la n t  t i s s u e  a n d  
m a c r o m o le c u le s  b y  a  m o le c u la r  w e ig h t  c u t - o f f  m e m b r a n e  f i lt r a t io n . B r ie f ly ,  a f te r  f r e e z in g ,  
t h e  s t e m  s a m p le s  w e r e  t h a w e d  a t r o o m  te m p e r a tu r e  ( 2 0  ° C )  f o r  u p  t o  6 0  m in  t o  e n s u r e  
c o m p le t e  th a w in g .  T h e  t h a w e d  s a m p le s  w e r e  c u t  t o  s e v e r a l  p i e c e s  a n d  t h e n  p la c e d  in to  a  
m e m b r a n e  c e n t r i fu g a l  f i l t e r  tu b e s ,  c e n t r i fu g e d  a t 1 3 ,0 0 0  g  fo r  3 0  m in . T h e  l iq u id  f i lt r a te  
w a s  th e n  tr a n s fe r r e d  in to  a m b e r  g la s s  a u to s a m p le r  v i a l s  f o r  a n a ly s is  ( H e  e t  a l., 2 0 1 9 ) .
2.4. INSTRUMENTAL ANALYSIS
T h e  a n a ly s is  o f  w a te r ,  a n d  s t e m  tr a n s p ir a t io n  s tr e a m  f r o m  t h e  th r e e  p la n t  s p e c ie s  
w a s  p e r fo r m e d  b y  a  f r e e z e - t h a w  c e n t r ifu g a t io n  t e c h n iq u e  f o l lo w e d  b y  h ig h  p e r fo r m a n c e  
l iq u id  c h r o m a to g r a p h y - ta n d e m  m a s s  s p e c tr o m e tr y  ( H P L C - M S /M S )  d e t e c t io n  ( H e  e t  a l., 
2 0 1 9 ) .  A  S h im a d z u  H P L C  s y s t e m  ( C o lu m b ia ,  M D , U S A )  h a s  t w o  p u m p s  ( L C - 2 0  A D  X R ) ,  
a n  a u to s a m p le r  ( S I L - 2 0 A C  X R ) ,  a n  o n l in e  d e g a s s e r  ( D G U - 3 0 A 3 ) ,  a n d  a  c o lu m n  o v e n  
( C T O - 2 0 A )  w it h  a  C 1 8  c o lu m n  ( 7 5 * 2 1  m m , K in e t e x .  2 .6  p m  p a r t ic le  s iz e ,  P h e n o m e n e x ,  
T o r r a n c e , C A , U S A ) .  A n a ly s t  1 .5  s o f tw a r e  w a s  u s e d  fo r  d a ta  a c q u is i t io n  a n d  q u a n t if ic a t io n .  
C a r b a m a z e p in e ,  l in c o m y c in ,  D E E T , a n d  a c e t a m in o p h e n  w e r e  a n a ly z e d  b y  p o s i t i v e
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e le c tr o s p r a y  io n iz a t io n  ( E S I )  m o d e  o f  H P L C - M S /M S .  E s tr io l ,  2 ,4 - d in i t r o t o lu e n e ,  a n d  
b is p h e n o l - A ,  w e r e  a n a ly z e d  b y  n e g a t iv e  E S I  m o d e  o f  H P L C - M S /M S .  F o r  p o s i t iv e  
io n iz a t io n  m o d e ,  s a m p le s  w e r e  e lu t e d  w it h  a  f l o w  r a te  s e t  t o  0 .2 5  m l/m in  u n d e r  a  g r a d ie n t  
e lu t io n  p r o g r a m  w it h  e lu e n t  A  (u ltr a -p u r e  w a te r  w it h  0 .1 %  ( v /v )  f o r m ic  a c id )  a n d  e lu e n t  B  
( A c e t o n i t r i le  w i t h  0 .1 %  ( v /v )  f o r m ic  a c id ) .  F o r  n e g a t iv e  io n iz a t io n  m o d e ,  s a m p le s  w e r e  
e lu t e d  w it h  a  f l o w  r a te  s e t  to  0 .2 5  m l/m in  u n d e r  a  g r a d ie n t  e lu t io n  p r o g r a m  w i t h  e lu e n t  A  
(1  m M  a m m o n iu m  a c e t a te  in  u ltr a -p u r e  w a te r )  a n d  e lu e n t  B  (1  m M  a m m o n iu m  a c e t a te  in  
m e t h a n o l) .  T h e  e lu t io n  g r a d ie n t  o f  p o s i t iv e  a n d  n e g a t iv e  io n iz a t io n  m o d e  a re  a v a i la b le  in  
o u r  p r e v io u s  m e t h o d  s tu d y  ( H e  e t  a l., 2 0 1 9 ) .  F o r  p o s i t iv e  a n d  n e g a t iv e  io n iz a t io n  m o d e ,  
t h e  M S  o p e r a te d  u n d e r  p o s i t iv e  a n d  n e g a t iv e  E S I  m o d e ,  r e s p e c t iv e ly .  T h e  io n  s o u r c e  
c o n d it io n s  fo r  b o th  p o s i t iv e  a n d  n e g a t iv e  m o d e s  w e r e  o p t im iz e d  b y  f l o w  in j e c t io n  a n a ly s is  
( H e  e t  a l., 2 0 1 9 ) .
2.5. STATISTICAL ANALYSIS
S ta t is t ic a l  a n a ly s is  w a s  p e r fo r m e d  u s in g  R  s o f tw a r e  v e r s io n  3 .5 .1 ,  a n d  M A T L A B  
s o f tw a r e  v e r s io n  R 2 0 1 7 a .  U p t a k e  o f  t h e  c h e m ic a l s  b y  p la n t  s p e c ie s  w a s  a s s e s s e d  u s in g  th e  
T S C F , w h i c h  w a s  c a lc u la t e d  b y  f o l lo w in g  E q u a t io n  (1 ):
Concentration of the compound in stem xylem solution 
Concentration of the compound in the exposure media ( 1 )
P a ir w is e  W i lc o x o n  T e s t s  a d ju s te d  w it h  B o n f e r r o n i  c o r r e c t io n  w e r e  p e r fo r m e d  to  
c o m p a r e  T S C F  w it h  t h e  c o n c e n t r a t io n s  o f  t h e  c h e m ic a ls  ( b is p h e n o l  A , 2 ,4 -d in i t r o to lu e n e ,  
e s tr io l ,  c a r b a m a z e p in e ,  D E E T , a c e ta m in o p h e n , a n d  l in c o m y c in )  in  b o th  c o n ta in e r s  a n d  
p la n ts .  T h e s e  a n a ly s e s  w e r e  p e r fo r m e d  fo r  t h e  th r e e  e x p o s u r e  c o n c e n t r a t io n s  ( 1 ,  4 ,  a n d  8 
m g /L )  a n d  t h e  th r e e  p la n t  s p e c ie s  ( c o r n , to m a t o ,  an d  w h e a t ) .  D i f f e r e n c e s  w e r e  c o n s id e r e d
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s t a t i s t i c a l ly  s ig n i f ic a n t  at p  <  0 .0 5 .  O r ig in a lly ,  a  o n e - w a y  a n a ly s is  o f  v a r ia n c e  w a s  
p e r fo r m e d  b u t  n o r m a lity  a n d  h o m o s c e d a s t ic i t y  o f  r e s id u a ls  w e r e  n o t  m e t  fo r  m o s t  o f  th e  
d a ta  s e t s  ( S h a p ir o  a n d  L e v e n e ’s t e s t ) .  M in , 1 st q u a n t ile ,  m e d ia n , 3 rd q u a n t i le ,  a n d  m a x  
v a lu e s  o f  T S C F , c o n c e n t r a t io n  o f  c o m p o u n d s  in  c o n t a in e r s  a n d  in  p la n t s  ( s t e m  tr a n s p ir a t io n  
s tr e a m )  w e r e  m e a s u r e d  f o r  a ll t h e  c o m p o u n d ,  fo r  t h e  th r e e  e x p o s u r e  c o n c e n t r a t io n s  a n d  fo r  
t h e  th r e e  p la n ts  s p e c ie s .  O n e  w a y  A N O V A  w a s  p e r fo r m e d  t o  e x a m in e  t h e  r o le  o f  
t r a n s p ir a t io n  a n d  g r o w t h  o f  p la n ts  ( c o r n , t o m a t o  a n d  w h e a t )  d e p e n d in g  o n  e x p o s u r e  
c o n c e n t r a t io n s  ( 1 ,  4  o r  8 m g /L )  fo r  t h e  th r e e  p la n t  s p e c ie s  ( c o r n , to m a t o ,  a n d  w h e a t ) .  
D if f e r e n c e s  w e r e  c o n s id e r e d  s t a t i s t i c a l ly  s ig n i f ic a n t  a t p  <  0 .0 5 .  N o r m a l i t y  a n d  
h o m o s c e d a s t ic i t y  o f  r e s id u a ls  w e r e  m e t  fo r  a ll t e s t s .  W h e n  s ig n i f ic a n t  d i f f e r e n c e s  o c c u r r e d  
b e t w e e n  tr e a tm e n ts , m u lt ip le  c o m p a r is o n s  o f  m e a n  v a lu e s  w e r e  m a d e  u s in g  p o s t - h o c  
T u k e y  H S D  t e s t s .  P e a r s o n  c o r r e la t io n  c o e f f i c i e n t s  w e r e  a s s e s s e d  b e t w e e n  T S C F  a n d  
e v a p o tr a n s p ir a t io n  o r  g r o w t h  o f  c o r n , t o m a to ,  a n d  w h e a t  b y  c o n s id e r in g  t h e  th r e e  e x p o s u r e  
c o n c e n t r a t io n s  ( 1 ,  4 , 8  m g /L )  t o  h ig h l ig h t  p o te n t ia l  l in k s  b e t w e e n  in c r e a s e s  in  
e v a p o tr a n s p ir a t io n  o r  g r o w t h  a n d  T S C F  v a lu e s .  C h a n g e s  in  c o n c e n t r a t io n s  o f  c h e m ic a l s  in  
t h e  p la n t s  ( s t e m )  a s  c o m p a r e d  t o  t h e  c o n c e n t r a t io n s  in  t h e  c o n ta in e r s ,  th e  t y p e  o f  p la n t s  
( c o r n , to m a t o ,  w h e a t ) ,  a n d  th e ir  in te r a c t io n  w e r e  a n a ly z e d  fo r  t h e  c o m p o u n d s  u s in g  a n  
A N C O V A .  I t  s h o u ld  b e  n o te d  th a t  th e r e  is  n o  a n a ly s e s  fo r  2 ,4 - d in i t r o t o lu e n e  b e c a u s e  it  
w a s  n o t  d e t e c te d  in  b o th  p la n ts  a n d -  e x p o s u r e  m e d ia .
2.6. PREDICTIVE NEURAL NETWORK MODEL
N o n l in e a r  m a p p in g  p e r f o r m a n c e  o f  n e u r a l n e t w o r k  ( N N ) ,  w h ic h  i s  s u ita b le  fo r  
p r o j e c t io n  f r o m  o n e  s e t  t o  a n o th e r  is  o n e  o f  i t s  a d v a n t a g e s  ( M e h d ip o u r P ic h a  e t  a l.,  2 0 1 9 ;
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S te n g e l ,  2 0 1 7 ) .  I n te r c o n n e c te d  c o m p u ta t io n a l  n e u r o n s  a re  u s e d  t o  c r e a te  t h e  n e t w o r k  a n d  
m a k e  t h e  r e la t io n s h ip s  b e t w e e n  o u tp u t  a n d  in p u ts  o f  a  g iv e n  s y s t e m , fo r  m o r e  in fo r m a t io n ,  
s e e  ( D e m u t h  e t  a l., 2 0 1 4 ;  H a y k in ,  2 0 0 7 ) .  A  t y p ic a l  N N  c o n s i s t s  o f  th r e e  la y e r s  o f  
in t e r c o n n e c te d  n e u r o n s  (S a a d a tm a n d  e t  a l., 2 0 2 0 ) .  A  s in g le - o u t p u t  N N  w it h  M  n e u r o n s  in  
t h e  h id d e n  la y e r  i s  e x p r e s s e d  b y  f o l l o w i n g  E q u a t io n  ( 2 ) :
y  = f(ZH=i wnx„ +  b) (2)
w h e r e ,  Wn is  t h e  w e ig h t  v e c t o r ,  Xn i s  t h e  in p u t  v e c t o r  (n  =  1, 2 . . .  N ) ,  b  is  t h e  b ia s ,  f  i s  t h e  
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reef =  .A  W +& OiJ
Input laser Output laver
Midden laver
Inputs Bias
F ig u r e  1. A r c h it e c tu r e  o f  t h e  N N  p r e d ic t iv e  m o d e l  fo r  T S C F  ( A ) ,  a r c h ite c tu r e  o f  a  s in g le  
c o m p u t a t io n a l  n e u r o n  ( B ) ,  a d a p te d  f r o m  ( B a g h e r i  e t  a l., 2 0 1 9 ) .
In  th is  s tu d y , m u lt i la y e r  p e r c e p tr o n  n e u r a l n e t w o r k  w a s  u s e d  t o  p r e d ic t  T S C F  fo r  
t h e  c o m p o u n d s  in  o u r  e x p e r im e n t .  T h e  p r o c e d u r e  f o r  N N  m o d e l  d e v e lo p m e n t ,  its  
a r c h ite c tu r e , a n d  it s  tr a in in g  p r o c e d u r e  i s  a v a i la b le  in  a  p u b l is h e d  p a p e r  ( B a g h e r i  e t  a l.,
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2 0 1 9 ) .  P h y s ic o c h e m i c a l  p r o p e r t ie s  o f  c o m p o u n d s  in c lu d in g  o c t a n o l /w a t e r  p a r t it io n  
c o e f f i c i e n t  ( l o g  Kow) ,  m o le c u la r  w e ig h t  ( M W ) ,  h y d r o g e n  b o n d  d o n o r  ( H B D ) ,  h y d r o g e n  
b o n d  a c c e p t o r  ( H B A ) ,  r o ta ta b le  b o n d s  ( R B ) ,  a n d  p o la r  s u r fa c e  a r e a  ( P S A )  w e r e  u s e d  to  
p r e d ic t  T S C F  o f  t h e  c o m p o u n d s .  F ig u r e  1 s h o w s  t h e  a r c h ite c tu r e  a n d  in p u ts  o f  t h e  N N  
m o d e l  f o r  t h e  p r e d ic t io n  o f  T S C F .
3. RESULTS AND DISCUSSION
3.1. UPTAKE OF CHEMICALS OVER TIME
T h e  p r e l im in a r y  u p ta k e  e x p e r im e n ts  w e r e  p e r fo r m e d  t o  f in d  t h e  a p p r o p r ia te  
e x p o s u r e  t im e  fo r  th e  m a in  p la n ts .  T h e  h a r v e s t  t im e  o f  t h e  p la n t s  in  th e  p r im a r y  e x p e r im e n ts  
t o  m e a s u r e  T S C F  is  w h e n  t h e  u p ta k e  o f  c o m p o u n d s  o v e r  t im e  in  t h is  p r e l im in a r y  
e x p e r im e n t  r e a c h e s  a  s t e a d y  s ta te . T h e  c h a n g e s  in  th e  u p ta k e  o f  s e v e n  d if f e r e n t  c o m p o u n d s  
b y  t h e  th r e e  p la n t  s p e c ie s  o v e r  t im e  a re  s h o w n  in  F ig u r e  2 . I t  w a s  o b s e r v e d  th a t  t h e  s e v e n  
c o m p o u n d s  h a v e  d if f e r e n t  t r e n d s  in  u p ta k e  o v e r  t im e . F o r  t h e  b is p h e n o l  A , t h e  T S C F  
in c r e a s e s  a f te r  d o s in g  a n d  th e n  d e c r e a s e s  u n t i l  i t  r e a c h e s  t o  a  s t e a d y  s ta te . T h is  i s  in  
a g r e e m e n t  w it h  t h e  r e s u lt s  o f  p r e v io u s  s tu d ie s  ( H w a n g  e t  a l., 2 0 1 7 ) ,  w h e r e  t h e  u p ta k e  o f  
c h lo r p y r if o s  in  le t t u c e  g r o w n  in  s o i l s  t r e a te d  w it h  d if f e r e n t  c o n c e n t r a t io n s  f o l l o w  a  s im ila r  
tr e n d . T h e  a u th o r s  c la im e d  th a t  t h e  h ig h  c o n c e n t r a t io n  in  t h e  f ir s t  d a y s  i s  d u e  t o  t h e  s m a ll  
w e ig h t  o f  le t t u c e  a n d  h ig h  r e s id u a l  c o n c e n t r a t io n  in  s o i l .  C a ld e r o n - P r e c ia d o  e t  al. ( 2 0 1 2 )  
a ls o  o b s e r v e d  a  s im ila r  tr e n d  fo r  s ix  c o m p o u n d s  in c lu d in g  fo u r  p h a r m a c e u t ic a ls  a n d  t w o  
f r a g r a n c e s . B a s e d  o n  th e ir  s tu d y , t h e  u p ta k e  d e c r e a s e s  a n d  r e a c h e s  t o  a  s t e a d y  s ta te  d u e  to  
in c r e a s in g  w e ig h t  o f  th e  p la n t  a n d  d is s ip a t io n  o f  th e  c o m p o u n d  in  s o i l .  O u r  r e s u lt s  o f  th e
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p r e l im in a r y  e x p e r im e n t  in d ic a t e d  th a t  fo r  t h e  e s tr io l ,  2 ,4 - d in i t r o t o lu e n e ,  a c e t a m in o p h e n ,  
a n d  l in c o m y c in  u p ta k e  b y  t h e  p la n t  s p e c ie s  r e a c h e s  i t s  s t e a d y  s ta te  at l o w  T S C F  v a lu e s  
a fte r  f e w  d a y s  a n d  t h e n  r e m a in s  c o n s ta n t .  T h is  tr e n d  f o r  t h e s e  c o m p o u n d s  is  p o te n t ia l  d u e  
t o  th e ir  l o w  u p ta k e ,  a n d  a ls o  f r o m  th e ir  l o w  s ta b i l i t y  o v e r  t im e .
F ig u r e  2 . R e s u l t s  o f  t h e  p r e l im in a r y  e x p e r im e n t  t o  f in d  t h e  s t e a d y  s ta te  o f  u p ta k e  f o r  th e  
s e v e n  o r g a n ic  c o m p o u n d s  b y  c o r n , w h e a t ,  a n d  to m a t o ,  p la n ts  ( s t e m )  w e r e  h a r v e s te d  a t th e  
in te r v a ls  o f  1, 2 ,  3 , 5 , 7  ( 2 ) ,  9 , 1 1 , 1 3 , 1 5 , 1 7 , a n d  1 9  d a y s  t o  m e a s u r e  T S C F  (n = 1  a n d
d o s in g  c o n c e n t r a t io n  o f  4  m g /L ) .
C a r b a m a z e p in e  a n d  D E E T  d e m o n s tr a te d  a  d if f e r e n t  tr e n d  a s  c o m p a r e d  w it h  o th e r  
t h e  c o m p o u n d s .  T h e  u p ta k e  o f  t h e s e  t w o  c o m p o u n d s  b y  c o r n , w h e a t  a n d  t o m a t o  in c r e a s e d  
c o n s t a n t ly  f o r  s e v e r a l  d a y s ,  r e a c h e d  t o  a  s t e a d y  s ta te ,  a n d  th e n  r e m a in e d  c o n s ta n t .  S e v e r a l  
o r g a n ic  c o n t a m in a n ts  s u c h  a s  l in d a n e ,  h e x a c h lo r o b e n z e n e ,  t e t r a c h lo r o e t h y le n e ,  a n d
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t r ic h lo r o e t h y le n e  h a v e  b e e n  r e p o r te d  f o l l o w i n g  t h is  tr e n d  o f  u p ta k e  o v e r  t im e  (L i e t  a l., 
2 0 0 5 ) .  T h e  r e s u lt s  o f  t h is  p r e l im in a r y  e x p e r im e n t  in d ic a t e d  th a t  u p ta k e  o f  t h e  c o m p o u n d s  
b y  t h e  th r e e  p la n t  s p e c ie s  r e a c h e s  a  s t e a d y  s ta te  a f te r  1 4  d a y s  o f  e x p o s u r e .  W h i le  f o r  s o m e  
c o m p o u n d s  t h e  s t e a d y  s ta te  i s  f e w  d a y s  a f te r  e x p o s u r e ,  t h e  f in a l  e x p o s u r e  t im e  w a s  c h o s e n  
b y  c o n s id e r in g  a n  a p p r o p r ia te  e x p o s u r e  t im e  fo r  a ll c h e m ic a ls .  T h is  i s  im p o r ta n t  b e c a u s e  
p la n t s  a re  d o s e d  w it h  a  g r o u p  o f  c h e m ic a l s  n o t  a  s in g le  c o m p o u n d ,  th u s , t h e  f in a l  e x p o s u r e  
t im e  w a s  c h o s e n  b y  c o n s id e r in g  t h e  s t e a d y  s ta te  fo r  a ll c o m p o u n d s .
3.2. VARIATION IN THE UPTAKE BY PLANT SPECIES
T h e  a v e r a g e  T S C F  v a lu e s  w e r e  c a lc u la t e d  f o r  t h e  m a in  p la n t s  a f te r  t h e  p r e l im in a r y  
e x p e r im e n t  t o  e n s u r e  u p ta k e  o f  th e  c o m p o u n d s  i s  a t a  s t e a d y  s ta te  ( 1 9  d a y s  o f  e x p o s u r e ) .  
T o  m e a s u r e  T S C F , t h e  f ir s t  g r o u p  o f  c o m p o u n d s  in  t h e  m a in  e x p e r im e n t s  in c lu d e d  
b is p h e n o l  A , e s tr io l ,  2 ,4 -d in i t r o to lu e n e ,  c a r b a m a z e p in e ,  a n d  D E E T . F ig u r e  3 s h o w s  th e  
T S C F  v a lu e s  fo r  t h e s e  c o m p o u n d s  a n d  t h e  th r e e  p la n t  s p e c ie s .  S im i la r  t o  p r e l im in a r y  
e x p e r im e n ts ,  t h e  c o n c e n t r a t io n  o f  2 ,4 - d in i t r o t o lu e n e  w a s  lo w e r  th a n  d e t e c t io n  l im it  fo r  a ll 
o f  s o lu t io n  s a m p le s ,  a n d  a ls o  fo r  a lm o s t  a ll o f  p la n t  s a m p le s  ( s t e m  tr a n s p ir a t io n  s tr e a m ),  
fo r  m o r e  in fo r m a t io n  a b o u t  d e t e c t io n  l im it s ,  s e e  ( H e  e t  a l., 2 0 1 9 ) .  M e a s u r in g  th e  
c o n c e n t r a t io n  o f  2 ,4 - d in i t r o t o lu e n e  in  v a r io u s  p a r ts  o f  t h e  p la n ts  in c lu d in g  r o o t s  a n d  s h o o t s  
i s  n e c e s s a r y  t o  h a v e  a  b e t te r  u n d e r s ta n d in g  a b o u t  th e  f a te  o f  t h is  c o m p o u n d .  I t  s e e m s  th a t  
2 ,4 - d in i t r o t o lu e n e  is  s u s c e p t ib le  t o  d e g r a d a t io n  p r io r  t o  p o s s ib le  u p ta k e ,  a s  th e  
c o n c e n t r a t io n  in  b o th  t h e  s o lu t io n  in  t h e  r o o t  z o n e  s o lu t io n  a n d  p la n t  s a m p le s  ( s t e m  
t r a n s p ir a t io n  s tr e a m )  w a s  n o t  s ta t i s t i c a l ly  a b o v e  d e t e c t io n  l im it ,  a n d  a d s o r p t io n  t o  g la s s  
b e a d s  w a s  n o t  s ig n if ic a n t .  B a s e d  o n  a v a i la b le  r e f e r e n c e s ,  2 ,4 - d in i t r o t o lu e n e  i s  o n ly  s ta b le
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u n d e r  r e c o m m e n d e d  s to r a g e  c o n d it io n s  b y  m a n u fa c tu r e r s . S u  a n d  L ia n g  ( 2 0 1 1 )  r e p o r te d  
T S C F  v a lu e s  o f  0 .7 8  a n d  1 .1 6  fo r  t h e  u p ta k e  o f  2 ,4 - d in i t r o t o lu e n e  b y  w h e a t  a n d  t o m a to ,  
r e s p e c t iv e ly .  H o w e v e r ,  th e ir  e x p e r im e n ts  w e r e  p e r fo r m e d  u n d e r  s t e r i l iz e d  c o n d it io n s .
I t  w a s  o b s e r v e d  th a t  u p ta k e  ( T S C F )  o f  t h e  c o m p o u n d s  i s  d i f f e r e n t  fo r  t h e  th r e e  p la n t  
s p e c ie s ,  s e e  F ig u r e  3 . T h e  a v e r a g e  T S C F  fo r  e s tr io l ,  b is p h e n o l  A , c a r b a m a z e p in e ,  a n d  
D E E T  b y  t o m a t o  w a s  0 .0 7 ,  0 .0 2 ,  0 .7 9 ,  a n d  0 .3 4 ,  r e s p e c t iv e ly .  A m o n g  t h e s e  c o m p o u n d s ,  
c a r b a m a z e p in e  is  t h e  o n e  th a t  s h o w e d  h ig h e s t  c o n c e n t r a t io n s  in  t h e  s t e m  o f  t h e  th r e e  p la n t  
s p e c ie s .  C a r b a m a z e p in e  i s  t r a n s lo c a te d  m o r e  r e a d i ly  in  t h e  p la n t s  a n d  a c c u m u la te s  a t a  
h ig h e r  c o n c e n t r a t io n  in  tr a n s p ir in g  o r g a n s  ( G o ld s t e in  e t  a l.,  2 0 1 4 ) .  U n d e r  d o s in g  
c o n c e n t r a t io n  o f  0 .5  p g /L , 2 4 ,  2 9 ,  a n d  3 n g /g  o f  c a r b a m a z e p in e  w a s  d e t e c te d  in  c u c u m b e r ,  
ic e b e r g  le t t u c e ,  a n d  s p in a c h  le a v e s ,  r e s p e c t iv e ly  ( W u  e t  a l., 2 0 1 2 ;  W u  e t  a l., 2 0 1 3 ) .  T h e  
c o n c e n t r a t io n  o f  e s tr io l  a n d  b is p h e n o l  A  f o r  d o s in g  s o lu t io n  o f  1 m g /L  in  t h e  e x p o s u r e  
m e d ia  d e c r e a s e d  a t t h e  e n d  o f  e x p e r im e n t ,  r a n g in g  f r o m  0 .0 1 9  ±  0 .0 2  ( in  c o r n  c o n ta in e r )  
t o  0 .1 4 3  ±  0 .1 3 4  m g /L  ( in  w h e a t  c o n ta in e r )  f o r  e s tr io l ,  a n d  f r o m  0 .0 1 8  ±  0 .0 1 4  ( in  to m a t o  
c o n ta in e r )  t o  0 .0 7 8  ±  0 .0 4 6  m g /L  ( in  w h e a t  c o n ta in e r )  fo r  b is p h e n o l  A . T h is  m a y  o r ig in a t e  
f r o m  t h e  d e g r a d a t io n  o f  t h e s e  c o m p o u n d s  in  t h e  e x p o s u r e  m e d ia ,  a s  t h e  c o n c e n t r a t io n  o f  
e s tr io l  a n d  b is p h e n o l  A  w a s  a ls o  l o w  in  t h e  p la n t  s a m p le s  ( s t e m  tr a n s p ir a t io n  s tr e a m ). T h e  
r e s u lt s  o f  a  p r e v io u s  s tu d y  in d ic a t e  th a t  t h e  c o n c e n t r a t io n  o f  b is p h e n o l  A  in  t h e  e x p o s u r e  
m e d ia  d e c r e a s e s  in  a  g r e a te r  e x t e n t  fo r  t h e  p la n t s  in  n o n - s t e r i l iz e d  c o n d i t io n s  th a n  p la n t s  in  
t h e  s t e r i l iz e d  c o n d it io n s  ( S a iy o o d  e t  a l., 2 0 1 0 ) .  T h e y  r e p o r te d  a n  a v e r a g e  u p ta k e  o f  8 5 %  
fo r  b is p h e n o l  A  b y  D r a c a e n a  p la n t  a f te r  2 0  d a y s , a n d  a ls o  s h o w e d  h ig h  p a r t it io n in g  t o  th e  
r o o ts .  L o w  a v e r a g e  T S C F  v a lu e s  fo r  b o th  b is p h e n o l  A  a n d  e s t r io l  ( 0 .0 7  a n d  0 .0 2 )  fo r  d o s in g  
c o n c e n t r a t io n  o f  1 m g /L  m a y  b e  d u e  t o  d e g r a d a t io n  in  t h e  e x p o s u r e  m e d ia  a n d  a ls o
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p a r t it io n in g  t o  t h e  d if f e r e n t  p a r ts  o f  th e  th r e e  p la n t  s p e c ie s .  N a k a j im a  e t  a l. ( 2 0 0 2 )  fo u n d  
th a t  p la n t  r o o t s  are  a b le  t o  a b so r b  b is p h e n o l  A  a n d  tr a n s fe r  it  t o  le a v e s .  T h e y  a ls o  fo u n d  
th a t  p a r t it io n in g  o f  b is p h e n o l  A  t o  r o o t s  o f  t o b a c c o  i s  h ig h e s t  c o m p a r e d  t o  s t e m s  a n d  le a v e s .  
T h u s ,  t o  r e l ia b ly  m e a s u r e  a v e r a g e  u p ta k e  o f  t h e s e  c o m p o u n d s ,  t h e  a v e r a g e  T S C F  v a lu e s  
w e r e  c a lc u la t e d  b y  c o n s id e r in g  t h e  d o s in g  c o n c e n t r a t io n s  o f  4  a n d  8 m g /L . T h e  a v e r a g e  
u p ta k e  o f  e s tr io l ,  b is p h e n o l  A , c a r b a m a z e p in e ,  a n d  D E E T  b y  w h e a t  w a s  0 .2 9 ,  0 .1 0 ,  0 .3 6 ,  
a n d  0 .0 7 ,  r e s p e c t iv e ly .  T h e  a v e r a g e  u p ta k e  o f  e s tr io l ,  b is p h e n o l  A , c a r b a m a z e p in e ,  a n d  
D E E T  b y  c o r n  w a s  0 .0 1 ,  0 .0 1 ,  0 .1 8 ,  a n d  0 .1 4 ,  r e s p e c t iv e ly .  B a s e d  o n  t h e  a v e r a g e  T S C F  
v a lu e s  fo r  t h e s e  c o m p o u n d s ,  t o m a t o  a n d  w h e a t  h a v e  a  h ig h e r  u p ta k e  th a n  co r n .
F ig u r e  3 . A v e r a g e  u p ta k e  ( T S C F )  o f  e s tr io l ,  b is p h e n o l  A , c a r b a m a z e p in e ,  a n d  D E E T  b y  
c o r n , w h e a t  a n d  t o m a t o  fo r  t h e  m a in  p la n t  s a m p le s  ( n = 6  p e r  tr e a tm e n t  l e v e l )  a f te r  s t e a d y  
s ta te  ( 1 9  d a y s  o f  e x p o s u r e ) .  In  t h e  b o x p lo t s ,  t h e  to p  a n d  b o t t o m  o f  b o x e s  r e p r e s e n t  th e  
2 5 t h  a n d  7 5 t h  p e r c e n t i le s ,  r e s p e c t iv e ly .  T h e  l in e  in  t h e  m id d le  o f  e a c h  b o x  is  t h e  m e d ia n .  
T h e  w h i s k e r s  e x t e n d  t o  t h e  m o s t  e x tr e m e  s a m p le s  n o t  c o n s id e r e d  o u t lie r s .  O b s e r v a t io n s  
b e y o n d  t h e  w h i s k e r  le n g t h  a re  m a r k e d  a s  o u t lie r s .
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F ig u r e  4  s h o w s  t h e  u p ta k e  ( T S C F )  o f  t h e  c o m p o u n d s  in  t h e  s e c o n d  g r o u p  in c lu d in g  
l in c o m y c in  a n d  a c e t a m in o p h e n  b y  t h e  c o r n , w h e a t ,  a n d  t o m a to .  T h e  a v e r a g e  T S C F  fo r  th e  
l in c o m y c in  a n d  a c e t a m in o p h e n  b y  c o r n  w a s  0 .0 1  a n d  0 .2 1 ,  r e s p e c t iv e ly .  F o r  t h e s e  
c o m p o u n d s ,  t h e  T S C F  v a lu e s  f o r  w h e a t  w a s  h ig h e r  th a n  t h e  T S C F  v a lu e s  f o r  co r n . T h e  
a v e r a g e  u p ta k e  o f  l in c o m y c in  a n d  a c e t a m in o p h e n  b y  w h e a t  w a s  0 .0 4  a n d  0 .2 2 ,  
r e s p e c t iv e ly .  F o r  l in c o m y c in ,  c o n c e n t r a t io n  o f  th e  c o m p o u n d  in  t h e  e x p o s u r e  m e d ia  
in c r e a s e d  s ig n i f i c a n t ly  d u e  t o  l o w  u p ta k e  a n d  it s  s t a b i l i t y  o v e r  t im e . B a s e d  o n  t h e  f in d in g s  
o f  s t a b i l i t y  s t u d ie s  fo r  l in c o m y c in  (Z h a n g  e t  a l., 2 0 1 3 ) ,  t h is  c o m p o u n d  m a in t a in s  i t s  s h e l f  
l i f e  a t 2 5  °C  in  a q u e o u s  s o lu t io n  w it h  l e s s  th a n  5 %  d e g r a d a t io n  o c c u r r in g  o v e r  a  m o n th . 
T h e  l o w  T S C F  v a lu e s  f o r  l in c o m y c in  ( 0 .0 1  a n d  0 .0 4 )  a re  in  a g r e e m e n t  w it h  th e  
t r a n s lo c a t io n  fa c t o r  o f  0 .1  r e p o r te d  fo r  le t t u c e  in  a  r e c e n t  s tu d y  (C h u a n g  e t  a l., 2 0 1 9 ) .  It 
w a s  a ls o  o b s e r v e d  th a t  t h e  a v e r a g e  u p ta k e  o f  l in c o m y c in  b y  t o m a t o  w a s  0 .4 3 .  
A c e t a m in o p h e n  w a s  n o t  d e t e c ta b le  in  t o m a t o  fo r  b o th  p r e l im in a r y  a n d  m a in  e x p e r im e n ts .  
S in c e  a c e t a m in o p h e n  is  r e a s o n a b ly  a  s ta b le  c o m p o u n d ,  t h e  l o w  T S C F  v a lu e s  m a y  r e s u lt  
f r o m  f a c t o r s  s u c h  a s  t o x i c i t y  t o  t o m a to ,  p a r t it io n in g  t o  t h e  r o o t s ,  a n d  a c c u m u la t io n  in  t h e  
u p p e r  p la n t  t i s s u e s .  T h is  c a n  b e  s u p p o r te d  b y  t h e  r e s u lt s  o f  a  r e c e n t  s tu d y , w h i c h  c o n f ir m  
a c e t a m in o p h e n  i s  t a k e n  u p  b y  p la n t s  ( S u n  e t  a l., 2 0 1 9 ) .  B a r th a  e t  al. ( 2 0 1 0 )  s h o w e d  th a t  
a c e t a m in o p h e n  is  e f f e c t i v e l y  t a k e n  u p  a n d  t r a n s lo c a t e d  t o  t h e  u p p e r  p a rt o f  B r a s s ic a .  T h e  
r e s u lt s  o f  th e ir  s tu d y  a ls o  in d ic a t e  th a t  a f te r  a c c u m u la t io n  in  t h e  p la n t  r o o t s  a n d  s h o o t s ,  th e  
c o n c e n t r a t io n  o f  a c e t a m in o p h e n  d e c r e a s e s  s ig n i f ic a n t ly .  T h e  c o n c e n t r a t io n  o f  
a c e t a m in o p h e n  in  t h e  r o o t s  d e c r e a s e d  f r o m  1 .1 5  t o  0 .1 4  p m o l /g ,  a n d  d e c r e a s e d  f r o m  0 .7 1  
t o  0 .0 7  p m o l /g  in  l e a f  a f te r  s e v e n  d a y s .
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C o n s id e r in g  T S C F  v a lu e s  f o r  t h e  s e v e n  c o m p o u n d s ,  it  is  c le a r  th a t  t o m a t o  i s  th e  
p la n t  s p e c ie s  w i t h  h ig h e s t  u p ta k e  ( T S C F  v a lu e s ) .  A f t e r  to m a t o ,  w h e a t  i s  t h e  s e c o n d  p la n t  
s p e c ie s ,  w i t h  h ig h e r  u p ta k e  c a p a b i l i t ie s  a s  c o m p a r e d  w it h  c o r n . T h e r e  i s  n o  fu n d a m e n ta l  
s tu d y  o n  t h e  v a r ia b i l i t y  in  p la n t  s p e c ie s  fo r  t h e  u p ta k e  a n d  t r a n s lo c a t io n  o f  c o n ta m in a n ts .  
In  a  r e c e n t  s tu d y , b y  a p p ly in g  c lu s t e r in g  a n a ly s is  (a  g r o u p in g  t e c h n iq u e )  t o  a  d a ta  se t  
in c lu d in g  v a r io u s  p la n t  s p e c ie s  a n d  c o m p o u n d s ,  b a s e d  o n  d if f e r e n t  t h r e s h o ld s  f o r  u p ta k e  
(d if f e r e n t  T S C F  v a lu e s  f r o m  0 .4  t o  0 .9  t o  g r o u p  p la n ts ) ,  t o m a t o  a n d  w h e a t  m o s t ly  s h o w e d  
u p ta k e  c a p a c i t i e s  h ig h e r  th a n  t h e  v a r io u s  c o n s id e r e d  th r e s h o ld s  ( B a g h e r i  e t  a l., 2 0 1 9 ) .  T h e  
f in d in g s  o f  t h is  s tu d y  su p p o r t  o u r  r e s u lt s  a s  t h e y  e x p la in  th a t  fo r  a  g iv e n  T S C F  v a lu e  a s  
t h r e s h o ld  t o  g r o u p  p la n t  s p e c ie s ,  t o m a t o  h a s  g r e a te r  T S C F  v a lu e s  th a n  t h e  t h r e s h o ld  w h i l e  
c o r n  a n d  w h e a t  s h o w  T S C F  v a lu e s  l e s s  th a n  t h e  th r e s h o ld .
F ig u r e  4 . A v e r a g e  u p ta k e  ( T S C F )  o f  l in c o m y c in  a n d  a c e t a m in o p h e n  b y  c o r n , w h e a t  a n d  
t o m a t o  f o r  t h e  m a in  p la n t  s a m p le s  ( n = 6  p e r  tr e a tm e n t  l e v e l )  a f te r  s t e a d y  s ta te  ( 1 9  d a y s  o f  
e x p o s u r e ) .  In  t h e  b o x p lo t s ,  t h e  to p  a n d  b o t t o m  o f  b o x e s  r e p r e s e n t  t h e  2 5 t h  a n d  7 5 th  
p e r c e n t i le s ,  r e s p e c t iv e ly .  T h e  l in e  in  th e  m id d le  o f  e a c h  b o x  i s  t h e  m e d ia n . T h e  w h is k e r s  
e x t e n d  t o  t h e  m o s t  e x tr e m e  s a m p le s  n o t  c o n s id e r e d  o u t l ie r s .  O b s e r v a t io n s  b e y o n d  th e
w h is k e r  le n g t h  a re  m a r k e d  a s  o u t lie r s .
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3.3. EFFECTS OF TREATMENT LEVEL ON PLANT UPTAKE
W it h  in c r e a s e  in  t h e  c o n c e n t r a t io n  o f  c h e m ic a l s  in  t h e  e x p o s u r e  m e d ia ,  th e  
c o n c e n t r a t io n  o f  t h e  c o m p o u n d s  in  t h e  p la n t s  in c r e a s e s  a c c o r d in g ly  fo r  t h e  th r e e  p la n t  
s p e c ie s .  F ig u r e  5 s h o w s  t h e  c o n c e n t r a t io n s  o f  t h e  f ir s t  g r o u p  o f  t h e  c o m p o u n d s  in  th e  
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F ig u r e  5 . A N C O V A  p lo t  fo r  ( A )  b is p h e n o l  A , ( B )  D E E T , ( C )  c a r b a m a z e p in e ,  a n d  ( D )  
e s tr io l ,  in  t h e  s t e m  o f  t h e  p la n ts :  w h e a t  (b lu e ) ,  c o r n  ( r e d )  a n d  t o m a t o  (g r e e n )  d e p e n d in g  
o n  t h e  c o n c e n t r a t io n  in  t h e  c o n ta in e r s  ( n = 6  p e r  tr e a tm e n t  l e v e l ) .  T h e  tr e n d  l in e  p o w e r  a n d  
s h a d e d  a r e a s  w e r e  d o n a te d  b y  t h e  g g p lo t  lib r a r y  o f  t h e  R  s o f tw a r e .  T h e y  r e p r e s e n t  m o d e l  
p r e d ic t io n s  a n d  c o r r e s p o n d in g  s ta n d a r d  er ro r  (9 5 % ).
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W h ile  t h e  d o s in g  c o n c e n t r a t io n  w a s  t h e  s a m e  fo r  a ll o f  t h e  c o m p o u n d s  a n d  p la n t  
s p e c ie s ,  t h e  d e t e c te d  c o n c e n t r a t io n s  in  t h e  e x p o s u r e  m e d ia  w e r e  d if f e r e n t  f r o m  t h e  d o s in g  
c o n c e n t r a t io n .  T h e  d i f f e r e n c e  in  t h e  d e t e c te d  c o n c e n t r a t io n  in  t h e  e x p o s u r e  m e d ia  fo r  
v a r io u s  p la n t  s p e c ie s  a n d  c h e m ic a l  c o m p o u n d s  p r o b a b ly  o r ig in a t e s  f r o m  p o te n t ia l  
d e g r a d a t io n , p a r t it io n in g  t o  p la n t  r o o t s ,  a n d  c o m p o u n d s ’ im p a c t  to  th e  p la n ts . T h is  r e s u lte d  
in  a  w id e  r a n g e  o f  c o n c e n t r a t io n s  in  t h e  s t e m  o f  th e  th r e e  p la n ts ,  r a n g in g  f r o m  0 .0 0 4  to  
3 .8 3 2  m g /L  fo r  e s tr io l ,  0 .0 0 3  to  2 .4 5 9  m g /L  f o r  b is p h e n o l  A , 0 .3 5 2  t o  1 0 .3 5 8  m g /L  fo r  
c a r b a m a z e p in e ,  a n d  0 .0 0 3  t o  8 .8 0 1  m g /L  fo r  D E E T , d e p e n d in g  o n  t h e  p la n t s  a n d  o n  th e  
e x p o s u r e  c o n c e n tr a t io n .  T h e  m e a s u r e d  c o n c e n t r a t io n  o f  e s tr io l ,  b is p h e n o l  A ,  
c a r b a m a z e p in e  a n d  D E E T  in  p la n ts  d e p e n d e d  o n  t h e  c o m p o u n d  c o n c e n t r a t io n  in  
c o n ta in e r s ,  t h e  t y p e  o f  p la n ts ,  a n d  th e ir  in te r a c t io n . W h ic h  m e a n s  th a t  t h e s e  t w o  f a c t o r s  ( i .e .  
c o n c e n t r a t io n  in  c o n t a in e r s  a n d  t y p e  o f  p la n t s )  c a n  h a v e  a  s y n e r g ic  e f f e c t  o n  th e  
c o n c e n t r a t io n  o f  c o m p o u n d s  m e a s u r e d  in  p la n t s  ( s t e m  tr a n s p ir a t io n  s tr e a m ), th u s , h a v e  a  
s y n e r g ic  e f f e c t  o n  t h e  T S C F  v a lu e s  ( F ig u r e  5 a n d  T a b le  2 ) .  T h is  h ig h l ig h t s  t h e  n e e d s  o f  
u n d e r s ta n d in g  m o r e  t h e  p la n t s  p a r a m e te r s  th a t  c o u ld  in f lu e n c e  T S C F .
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F ig u r e  6 . C o r r e la t io n s  b a s e d  o n  P e a r s o n  c o e f f i c i e n t s  b e t w e e n  t h e  T S C F  a n d  tr a n s p ir a t io n  
o r  g r o w t h  o f  c o r n , t o m a t o  a n d  w h e a t  d e p e n d in g  o n  t h e  e x p o s u r e  c o n c e n t r a t io n s  ( 1 ,  4 , an d  
8 m g /L )  o f  c o m p o u n d s .  T h e  C 1 , C 4 , a n d  C 8  r e fe r s  t o  t h e  th r e e  d o s in g  c o n c e n t r a t io n s  o f
1, 4 , a n d  8 m g /L , r e s p e c t iv e ly .
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Table 2. Effects of compound concentrations in containers (estriol, bisphenol A, 
carbamazepine, DEET, acetaminophen and lincomycin), type of plants (corn, tomato, 
wheat), and their interaction on the concentrations of compounds in plants (stem sap)
analyzed by ANCOVA.
Parameters Df Mean sq. F-value P-value
Estriol
Conc. in container 1 17.4 106 10-12 ***
Plant type 2 5.1 31.2 10-8 ***
Conc. in container x Plant type 2 5.9 35.6 10-9 ***
Residuals 46 0.2
Bisphenol A
Conc. in container 1 4.1 53.5 10-8 ***
Plant type 2 0.3 3.4 0.04 *
Conc. in container x Plant type 2 0.3 4.5 0.02 *
Residuals 48 0.1
Carbamazepine
Conc. in container 1 53.1 68.6 10-10 ***
Plant type 2 46.1 59.5 10-12 ***
Conc. in container x Plant type 2 50.8 65.5 10-13 ***
Residuals 48 0.8
DEET
Conc. in container 1 7.7 9.8 10-2 **
Plant type 2 8.3 10.7 10-3 ***
Conc. in container x Plant type 2 16.3 20.8 10-6 ***
Residuals 48 0.8
Acetaminophen
Conc. in container 1 0.36446 84 10-9 **
Plant type 1 0.00270 0.6 0.4
Conc. in container x Plant type 1 0.00003 0 0.9
Residuals 32 0.00434
Lincomycin
Conc. in container 1 11.4 3.1 0.08
Plant type 2 79.8 21.8 10-6 ***
Conc. in container x Plant type 2 14.7 4 0.02 *
Residuals 48 3.7
Significance levels: ‘***’ 0.001‘**’ 0.01‘*’ 0.05; Df: degree of freedom; F-value: Fisher 
value; P-value: probability value; Mean sq.: mean of squares; Conc. in container:
concentration in container
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T h e  r e s u lt s  o f  p la n t  p h y s io l o g y  m e a s u r e m e n t s  a ls o  s h o w  th a t  at h ig h e r  
c o n c e n t r a t io n s ,  4  a n d  8 m g /L  a s  c o m p a r e d  w it h  1 m g /L ,  t h e  tr a n sp ir e d  w a te r  d e c r e a s e s .  In  
t h is  c a s e ,  f o r  t h e  c o n tr o l  p la n t s  a n d  t h e  p la n t s  d o s e d  w it h  1 m g /L  o f  t h e  c h e m ic a l s ,  th e  
tr a n sp ir e d  w a te r  w a s  a b o u t  2 0  g  a t th e  f ir s t  d a y  a n d  t h e n  in c r e a s e d  t o  a b o u t  5 0  g  at th e  la s t  
d a y . In  c o n tr a s t ,  f o r  th e  p la n t s  d o s e d  w it h  8 m g /L  o f  t h e  c h e m ic a ls ,  t h e  tr a n sp ir e d  w a te r  
w a s  a b o u t  1 0  g  at t h e  f ir s t  d a y , th e n  d e c r e a s e d  t o  5 g  at t h e  f in a l  d a y , s e e  s u p p o r t in g  
in fo r m a t io n .  T h e  m a s s  o f  p la n t  r e p l ic a t e s  a t t h e  e n d  o f  d o s in g  a n d  t h e  c h a n g e s  in  t h e  h e ig h t s  
a ls o  d e c r e a s e d  g r o w t h  o f  m a s s  fo r  p la n ts  d o s e d  w it h  8 m g /L  a s  c o m p a r e d  w it h  t h e  c o n tr o ls .  
T h e  r e s u lt s  in d ic a t e  th a t  f in a l  p la n t  m a s s  a n d  c h a n g e s  in  t h e  h e ig h t  i s  a t le a s t  2  t im e s  h ig h e r  
fo r  t h e  c o n tr o ls ,  s e e  s u p p o r t in g  in fo r m a t io n .  P r e v io u s  s tu d ie s  a ls o  c o n f ir m  t h e  t o x ic i t y  o f  
b is p h e n o l  A  a n d  e s t r io l  t o  t h e  p la n t s  ( A d e e l  e t  a l.,  2 0 1 7 ;  S a iy o o d  e t  a l., 2 0 1 0 ) .  T h e  u p ta k e  
o f  b is p h e n o l  A  a n d  e s tr io l  b y  t o m a t o  w a s  l e s s  th a n  w h e a t ,  p r o b a b ly  d u e  to  th e  t o x i c i t y  o f  
t h e s e  c o m p o u n d s  t o  to m a t o ,  a s  t o m a t o  is  t h e  m o s t  s u s c e p t ib le  s p e c ie s .  T h e  tr a n sp ir e d  w a te r  
b y  th r e e  p la n t  s p e c ie s ,  w a s  in c r e a s in g  f o r  co r n , d e c r e a s in g  fo r  t o m a t o  a n d  w h e a t  o v e r  t im e ,  
s e e  s u p p o r t in g  in fo r m a t io n .  T o m a t o  h a d  t h e  s h a r p e s t  d e c r e a s e  in  tr a n sp ir e d  w a te r  p r o b a b ly  
d u e  t o  t h e  e f f e c t s  o f  t o x i c i t y  a t h ig h e r  c o n c e n tr a t io n s .  H o w e v e r ,  n e ith e r  t h e  to ta l  tr a n sp ir e d  
w a te r  n o r  t h e  g r o w t h  o v e r  t im e  in f lu e n c e d  t h e  T S C F  f o r  t h e  th r e e  p la n t s  s p e c i e s  a n d  fo r  th e  
th r e e  c o n c e n t r a t io n s  in  t h e  e x p o s u r e  m e d ia . T h e  P e a r s o n  c o r r e la t io n s  w e r e  p e r fo r m e d  to  
a s s e s s  t h e  e f f e c t  o f  tr a n s p ir a t io n  a n d  g r o w t h  o n  T S C F . T h e  c o r r e la t io n s  b e t w e e n  - 0 .2 1  an d  
0 .3 6  fo r  a ll t h e  tr e a tm e n t  l e v e l s  c o n f ir m  t h e  la c k  o f  im p a c t  o f  t h e s e  t w o  p a r a m e te r s  o n  
T S C F , s e e  F ig u r e  6 .
T h e  in c r e a s e  in  t h e  c o n c e n t r a t io n  o f  l in c o m y c in  a n d  a c e t a m in o p h e n  in  t h e  e x p o s u r e  
m e d ia ,  a ls o  r e s u lte d  in  a n  in c r e a s e  o f  t h e  c o m p o u n d s  in  p la n ts ,  f o r  t h e  th r e e  p la n t  s p e c ie s ,
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s e e  F ig u r e  7 . F o r  th is  g r o u p  o f  c o m p o u n d s ,  t h e  o r ig in a l  d o s in g  c o n c e n t r a t io n  d if f e r e d  fr o m  
t h e  d e t e c te d  c o n c e n t r a t io n  in  t h e  e x p o s u r e  m e d ia  fo r  s o m e  o f  t h e  p la n t  s p e c ie s  a n d  th e  
c h e m ic a l  c o m p o u n d s .  S u c h  d i f f e r e n c e s  c a n  b e  d u e  t o  d if f e r e n c e  in  t h e  s ta b i l i t y  o f  th e  
c o m p o u n d s ,  p r o b a b ly  p a r t it io n in g  t o  p la n t  r o o ts ,  t o x ic i t y ,  a n d  tr a n s p ir e d  w a te r .  F o r  
in s t a n c e ,  t h e  u p ta k e  o f  l in c o m y c in  b y  to m a t o  w a s  h ig h e r  th a n  th a t  fo r  w h e a t  a n d  c o r n . A t  
s im ila r  in it ia l  e x p o s u r e  c o n c e n tr a t io n ,  t h e  d e t e c te d  c o n c e n t r a t io n  o f  l in c o m y c in  in  th e  
e x p o s u r e  m e d ia  w a s  lo w e r  fo r  t o m a t o  a s  c o m p a r e d  w it h  w h e a t  an d  c o r n , w h ic h  m a y  
in d ic a t e  t h e  h ig h e r  t r a n s p ir a t io n  r a te  o f  to m a t o .  F o r  b o th  l in c o m y c in  a n d  a c e ta m in o p h e n ,  
t h e  m e a s u r e d  c o n c e n t r a t io n s  in  p la n t s  ( s t e m  tr a n s p ir a t io n  s tr e a m )  w e r e  in f lu e n c e d  b y  
c o n c e n t r a t io n s  in  t h e  c o n ta in e r s ,  an d  o n ly  b y  t h e  t y p e  o f  p la n t s  fo r  t h e  l in c o m y c in .  T h is  
c a n  b e  e x p la in e d  b y  t h e  a b s e n c e  o f  t o m a t o  o n  t h e  A N C O V A  m o d e l  f o r  t h e  a c e ta m in o p h e n .  
T h e  d i f f e r e n c e  in  t h e  tr a n s p ir a t io n  r a te  o f  t h e  th r e e  p la n t  s p e c ie s  i s  a  fa c t o r  f o r  t h e  v a r ia t io n s  
o f  c o n c e n t r a t io n  in  t h e  e x p o s u r e  m e d ia .  T h e  c o m p o u n d s  in  t h is  g r o u p , a t h ig h e r  
c o n c e n t r a t io n s  a p p e a r e d  t o  t r ig g e r  s o m e  m e t a b o l ic  o f  t o x i c  r e s p o n s e ,  a s  e v id e n c e d  b y  
d e c r e a s e  in  t h e  tr a n sp ir e d  w a te r .  T h e  tr a n s p ir a t io n  r a te  fo r  t o m a t o  d e c r e a s e d  c o n s id e r a b ly  
(u p  t o  7 0 % ), t h e  d e c r e a s e  f o r  w h e a t  w a s  a ls o  h ig h  (u p  t o  4 0 % )  w h i l e  t h e  c o r n  s h o w e d  a  
c o n s t a n t  t r a n s p ir a t io n  r a te  o v e r  t im e  w it h  n o  d is c e r n a b le  d r o p . H o w e v e r ,  t h e  r e s u lt s  o f  p la n t  
p h y s io l o g y  m e a s u r e m e n t s  s u c h  a s  f in a l  m a s s  a n d  c h a n g e s  in  t h e  h e ig h t  s h o w  th a t  t h e  t o x i c  
e f f e c t s  o f  l in c o m y c in  a n d  a c e t a m in o p h e n  w a s  l e s s  th a n  t h e  c o m p o u n d s  in  t h e  f ir s t  g r o u p ,  
s e e  s u p p o r t in g  in fo r m a t io n .  W h i le  t h e  d e g r a d a t io n  o f  a c e t a m in o p h e n  i s  a n  im p o r ta n t  r e a s o n  
fo r  i t s  lo w e r  u p ta k e  e f f i c i e n c i e s ,  t h e  t o x i c i t y  i s  p r o b a b ly  a n o th e r  f a c t o r  f o r  a  la c k  o f  
d e t e c t io n  in  t h e  to m a t o .  P r e v io u s  s tu d ie s  c o n f ir m  t h e  t o x ic i t y  o f  a c e t a m in o p h e n  t o  t h e  p la n t  
s p e c ie s  a t h ig h e r  tr e a tm e n t  l e v e l s  ( N u n e s  e t  a l.,  2 0 1 4 ) .
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Figure 7. ANCOVA plot for (A) lincomycin and (B) acetaminophen, in the stem of the 
plants: wheat (blue), corn (red) and tomato (green) depending on the concentration in the 
containers (n=6 per treatment). The trend line power and shaded areas were donated by 
the ggplot library of the R software. They represent model predictions and corresponding
standard error (95%).
3.4. PLANT UPTAKE AND PHYSICOCHEMICAL PROPERTIES
Numerous previous studies mainly considered log Kow as the significant property 
to predict plant uptake (De Carvalho et al., 2007; Kim et al., 2004). The findings of these 
studies indicate that moderately hydrophobic compounds have the highest uptake 
efficiencies. A recent study also has indicated the high uptake of hydrophilic compounds 
(Bagheri et al., 2019). Molecular weight, hydrogen bond donor, hydrogen bond acceptor, 
rotatable bonds, and polar surface area are the other important physicochemical properties 
(Limmer and Burken, 2014). Carbamazepine as a moderately hydrophobic compound with 
log Kow of 2.7 showed TSCF values up to 0.79, in close agreement with predicted 
translocation efficiencies reported for moderately hydrophobic compounds. The uptake of 
lincomycin as another moderately hydrophobic compound with log Kow of 0.91 is less than 
carbamazepine. The TSCF values for lincomycin are up to 0.43 as comparing with TSCF
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of 0.79 for carbamazepine. Thus, properties other than log Kow are demonstrated to impact 
the uptake of contaminants. A recent study indicated log Kow, molecular weight, and 
number of hydrogen bond donors as three significant physicochemical properties with 
different order of importance (Bagheri et al., 2019). The first significant property (log Kow) 
was eight times more governing than molecular weight as a predictor. The second 
significant property (molecular weight) was three times more significant than number of 
hydrogen bond donors. Low uptake of lincomycin in comparison with carbamazepine can 
be supported by its higher molecular weight (407 Da vs. 236 Da), and its higher number of 
hydrogen bond donors (5 vs. 2). This finding is also in agreement with the experimental 
findings, as the concentration of lincomycin increased in the exposure media due to lower 
uptake and exclusion at the root membrane.
The results of our experiments indicate that factors other than physicochemical 
properties play roles in the uptake of organic contaminants. A relatively high 
transmembrane migration efficiency was expected for 2,4-dinitrotoluene as a moderately 
hydrophobic compound with log Kow of 2.1, however, its concentration was not only less 
than detection limits in the plants’ stem transpiration stream but also in the exposure media 
over time following dosing. This further affirms the role of degradation in the uptake of 
organic contaminants. Previous studies have shown that in-planta concentrations can be 
used to assess rhizosphere enhanced degradation, and rates of degradation in the bulk soil 
as well for a range o f compounds (Limmer et al., 2018; Wilson et al., 2013). The 
degradation of acetaminophen, another moderately hydrophobic compound, was also 
indicated as exposure media concentrations decreases while it was also detected in the 
plants’ transpiration stream. Based on these results, while subsurface degradation probably
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i s  l im it in g  f a c t o r  f o r  t h e  u p ta k e  o f  a c e t a m in o p h e n ,  h o w e v e r ,  t r a n s lo c a t io n  in  th e  p la n t  a n d  
p a r t it io n in g  t o  t h e  r o o t s  s h o u ld  b e  s tu d ie d  in  fu tu r e  r e s e a r c h  e f f o r t s  a s  a c e t a m in o p h e n  h a s  
b e e n  p r e v io u s ly  s h o w n  t o  c r o s s  r o o t  m e m b r a n e s  a n d  t h e  a v e r a g e  T S C F  fo r  t h is  c o m p o u n d  
w a s  u p  t o  0 .2 2  in  o u r  f in d in g s  a s  w e l l  (B a r th a  e t  a l., 2 0 1 0 ) .
I n  a d d it io n , o th e r  f a c to r s  s u c h  a s  t o x i c i t y  t o  p la n ts  m a y  a f f e c t  t h e  u p ta k e  o f  t h e s e  
o r g a n ic  c o n ta m in a n ts .  T o m a t o  w a s  t h e  m o s t  s u s c e p t ib le  p la n t  s p e c ie s  t o  t o x i c i t y  b a s e d  o n  
t h e  p la n t  p h y s io l o g y  m e a s u r e m e n t  d a ta . T h u s , t o x i c i t y  a n d  lo w e r  tr a n s p ir a t io n  r a te  m ig h t  
b e  t h e  r e a s o n s  fo r  l o w  T S C F  v a lu e s  o f  a c e t a m in o p h e n  ( 0 )  a n d  e s t r io l  ( 0 .0 7 ) .  S im ila r ly ,  
D E E T  w a s  p r o b a b ly  a f f e c t e d  b y  o n e  o r  c o m b in a t io n s  o f  t h e s e  fa c to r s ,  a s  t h e  m o d e l s  p r e d ic t  
h ig h e r  T S C F  v a lu e s  fo r  th is  c o m p o u n d  ( 0 .6 1 ) .  W h i le  b is p h e n o l  A  s h o u ld  h a v e  T S C F  v a lu e s  
c o m p a r a b le  t o  c a r b a m a z e p in e  b a s e d  o n  it s  p r o p e r t ie s ,  t h e  p o s s ib le  e f f e c t s  o f  t h e  a b o v e  
m e n t io n e d  f a c t o r s  r e s u lte d  in  s ig n i f ic a n t ly  l o w e r  T S C F  v a lu e s  f o r  t h is  c o m p o u n d  (u p  to  
0 .1 ) .  T h is  c a n  b e  s u p p o r te d  b y  t h e  e x p e r im e n ta l  f in d in g s ,  a s  t h e  c o n c e n t r a t io n  o f  t h is  
c o m p o u n d  w a s  d if f e r e n t  in  t h e  e x p o s u r e  m e d ia  f o r  t h e  th r e e  p la n t  s p e c ie s ,  l ik e ly  d u e  t o  
v a r ia b le  d e g r a d a t io n  r a te s .
3.5. TSCF PREDICTIONS BY NN MODEL
T h e  p r e d ic t io n s  o f  T S C F  u s in g  N N  m o d e l  fo r  t h e  c o m p o u n d s  in  t h is  s tu d y  w e r e  in  
a  g e n e r a l  a g r e e m e n t  w it h  o u r  u n d e r s ta n d in g  a b o u t  u p ta k e  o f  o r g a n ic  c o m p o u n d s  ( B a g h e r i  
e t  a l., 2 0 1 9 ;  L im m e r  a n d  B u r k e n , 2 0 1 4 ) .  T h e  N N  c o u ld  p r e d ic t  t h e  a v e r a g e  u p ta k e  o f  
b is p h e n o l  A , c a r b a m a z e p in e ,  a n d  e s tr io l  w i t h  a n  a c c e p t a b le  a c c u r a c y  a s  c o m p a r e d  w it h  
tr a d it io n a l m o d e ls  ( m e a n  sq u a r e d  erro r  l e s s  th a n  0 .2 5 ) ,  d e m o n s tr a t in g  o n e  o f  t h e  f ir s t  p o l y ­
p a r a m e te r  m o d e l in g  o f  u p ta k e  fo r  e m e r g in g  p o l lu ta n t s  s u c h  a s  p h a r m a c e u t ic a ls  a n d
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p e r s o n a l  c a r e  p r o d u c ts .  T h e  p r e d ic te d  a v e r a g e  T S C F  f o r  b is p h e n o l  A , c a r b a m a z e p in e ,  a n d  
e s tr io l  w a s  0 .1 4 ,  0 .7 3 ,  a n d  0 .3 6 ,  r e s p e c t iv e ly .  T h e  N N  m o d e l  p r e d ic te d  a v e r a g e  T S C F  o f  
0 .7 3  fo r  2 ,4 -d in i t r o to lu e n e ,  w h i c h  i s  in  a g r e e m e n t  w it h  t h e  r e s u lts  o f  u p ta k e  s tu d ie s  o n  t h is  
c o m p o u n d  u n d e r  s t e r i l iz e d  c o n d it io n s  ( a v e r a g e  T S C F  o f  0 . 7 8 - 1 .1 6 ) .  In  o u r  s tu d y , d u e  to  
p o s s ib le  e f f e c t s  o f  d e g r a d a t io n  a n d  o th e r  e n v ir o n m e n ta l  c o n d it io n s ,  2 ,4 - d in i t r o t o lu e n e  w a s  
n o t  d e t e c ta b le  in  t h e  p la n t  s a m p le s .  T h is  s h o w s  t h e  im p o r ta n c e  o f  o th e r  p r o p e r t ie s  s u c h  a s  
b io d e g r a d a b i l i t y /s t a b i l i t y  fo r  t h e  u p ta k e  o f  c o n ta m in a n ts .  T o  im p r o v e  t h e  a c c u r a c y  o f  
p r e d ic t io n s ,  t h e  o th e r  p a r a m e te r s  r e la te d  t o  c h e m ic a l  c o m p o u n d s  s u c h  a s  s t a b i l i t y  o v e r  
t im e ,  a n d  p a r a m e te r s  r e la te d  to  p la n t  s p e c i e s  s u c h  r o le  o f  f u n d a m e n ta l  m a te r ia ls  ( l ip id s ,  
l ig n in ,  a n d  c e l lu lo s e )  s h o u ld  b e  c o n s id e r e d  in  t h e  m o d e l in g .  H o w e v e r ,  t h e s e  p a r a m e te r s  
s h o u ld  n o t  b e  s p e c i f i c  t o  a  p la n t  o r  a  c h e m ic a l  b e c a u s e  it  m a k e s  m o d e l  a p p l ic a b le  o n ly  fo r  
th a t  p la n t  s p e c ie s  o r  c h e m ic a l .  T h e  p r e d ic te d  T S C F  fo r  t h e  l in c o m y c in ,  a c e t a m in o p h e n ,  
a n d  D E E T  w a s  0 .8 1 ,  0 .6 6 ,  a n d  0 .6 1 ,  r e s p e c t iv e ly  a s  c o m p a r e d  w i t h  e x p e r im e n ta l  a v e r a g e  
T S C F  v a lu e s  o f  0 .4 3 ,  0 .2 2 ,  a n d  0 .3 4 .  W h i le  t h e  p r e d ic te d  T S C F  v a lu e s  fo r  t h e s e  
c o m p o u n d s  a re  s t i l l  a c c e p t a b le  ( m e a n  sq u a r e d  erro r  l e s s  th a n  0 .2 5 ) ,  b y  c o m p a r in g  th e  
p r e d ic te d  v a lu e s  w i t h  m e a s u r e d  v a lu e s ,  it  is  c le a r  th a t  t h e  r o le  o f  o th e r  f a c to r s  s u c h  a s  
b io d e g r a d a b i l i t y /s t a b i l i t y  s h o u ld  b e  ta k e n  in to  a c c o u n t .  S u c h  c o n s id e r a t io n s  a re  s u p p o r te d  
b y  t h e  d e c r e a s in g  c o n c e n t r a t io n s  o f  s o m e  o f  t h e  c h e m ic a l s  in  th e  e x p o s u r e  m e d ia  o v e r  t im e  
w h i l e  fo r  t h e  o th e r s , t h e  c o n c e n t r a t io n s  in c r e a s e d  in  t h e  e x p o s u r e  m e d ia  d u e  t o  e x c lu s io n
a t t h e  r o o t  m e m b r a n e .
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3.6. IMPLICATIONS TO FOOD SECURITY AND HUMAN HEALTH
U p t a k e  a n d  t r a n s lo c a t io n  o f  e n v ir o n m e n ta l  c o n t a m in a n ts  c a n  p o s e  r is k s  f o r  f o o d  
c h a in  s e c u r it y  a n d  i s  a s s o c ia t e d  w it h  h u m a n  h e a lt h  r isk s . A m o n g  e n o r m o u s  n u m b e r  o f  
e n v ir o n m e n ta l  c o n t a m in a n ts  d e t e c te d  in  t h e  e n v ir o n m e n t ,  m a n y  h a v e  t h e  p o te n t ia l  t o  
tr a n sp o r t  a n d  a c c u m u la te  in  v a r io u s  p la n t  t i s s u e s  in c lu d in g  f e e d s t o c k  a n d  h u m a n  
c o n s u m p t io n  c r o p s . B io a c c u m u la t io n  o f  t h e  e n v ir o n m e n ta l  c o n t a m in a n ts  in  t h e  e d ib le  p a r ts  
o f  t h e  p la n ts  r e la te s  t o  t h e  p h y s ic o c h e m ic a l  p r o p e r t ie s  o f  t h e  c o n ta m in a n ts ,  a n d  o th e r  
f a c t o r s  s u c h  b io d e g r a d a t io n  in  t h e  p la n t s  a f te r  u p ta k e  a n d  t r a n s lo c a t io n ,  i .e .  
p h y to d e g r a d a t io n .  F in d in g s  s u p p o r t  t h e  u n d e r s ta n d in g  o f  p h y s ic o c h e m ic a l  c u t o f f s  a s  
p r e d ic to r s  fo r  t h e  c o m p o u n d s  d e t e c te d  in  t h e  e d ib le  p a r ts  o f  t h e  p la n t s  a n d  a re  s im ila r  t o  
t h e  c u t o f f s  f o r  t h e  c o m p o u n d s  c r o s s in g  p la n t  r o o t  m e m b r a n e s  w it h  h ig h  T S C F  v a lu e s  
( B a g h e r i  e t  a l.,  2 0 2 0 ) .  T h e  r e s u lts  o f  th is  s tu d y  s h o w  th a t  w h i l e  m o d e r a t e ly  h y d r o p h o b ic  
c o m p o u n d s  h a v e  h ig h e r  t e n d e n c ie s  fo r  t r a n s lo c a t io n  t o  t h e  e d ib le  p a r ts , t h e  tr a n s lo c a t io n  
o f  h y d r o p h il ic  c o m p o u n d s  s h o u ld  a ls o  b e  c o n s id e r e d .  O n  t h e  o th e r  h a n d , f o r  t h e  c o m p o u n d s  
w it h  lo w e r  u p ta k e  a n d  h ig h e r  p a r t it io n in g  c a p a b i l i t ie s  t o  t h e  p la n t  r o o t s  ( B u r k e n  a n d  
S c h n o o r ,  1 9 9 8 ) ,  t h e  c o n t a m in a t io n  o f  r o o t  v e g e t a b le s  i s  o f  h ig h e r  c o n c e r n . C a r b a m a z e p in e  
a s  a  m o d e r a t e ly  h y d r o p h o b ic  c o m p o u n d  w it h  h ig h  u p ta k e  is  m e t a b o l i z e d  in  s e v e r a l  p la n t  
s p e c ie s  s u c h  a s  to m a t o ,  c u c u m b e r , s w e e t  p o ta to ,  a n d  c a r r o t  ( R ie m e n s c h n e id e r  e t  a l.,  2 0 1 7 ) .  
A m o n g  t h e  r e p o r te d  m e t a b o l i t e s  o f  c a r b a m a z e p in e  in  p la n t  s p e c ie s ,  s o m e  h a v e  a  t o x ic  
p o t e n c y  e v e n  h ig h e r  th a n  th a t  o f  th e  p a r e n t  c o m p o u n d  ( C h u a n g  e t  a l., 2 0 1 8 ) .  W h i le  
d e g r a d a t io n  o f  a c e t a m in o p h e n ,  l in c o m y c in ,  D E E T , a n d  e s tr io l  m a y  a f f e c t  th e ir  fa t e  in  th e  
e n v ir o n m e n t ,  a n d  p a r t it io n in g  t o  t h e  o th e r  p la n t  t i s s u e s  m a y  d e c r e a s e  t h e  p o te n t ia l  fo r  
b io a c c u m u la t io n  in  t h e  e d ib le  p a r ts , t h e  r is k s  fo r  f o o d  s e c u r ity  a n d  h u m a n  h e a lth  s h o u ld
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n o t  b e  n e g le c t e d .  A l l  o f  t h e s e  c o m p o u n d s  h a v e  c a p a c i t i e s  fo r  t r a n s lo c a t io n  to  t h e  e d ib le  
p a r ts  a c c o r d in g  t o  th e ir  p h y s ic o c h e m ic a l  p r o p e r t ie s .  T h e  f in d in g s  o f  t h e  m u lt i-p a r a m e te r  
N N  d e r iv e d  m o d e l  g i v e  t h e  n e e d e d  in s ig h t  fo r  p r o je c t in g  w h i c h  o r g a n ic  c o n t a m in a n ts  are  
m o s t  l ik e ly  t o  b e  ta k e n  u p  a n d  s h o u ld  b e  t h e  ta r g e ts  f o r  u p ta k e  s tu d ie s .  L o n g - t e r m  h u m a n  
e x p o s u r e  t o  t h e s e  h y d r o p h il ic  a n d  m o d e r a t e ly  h y d r o p h o b ic  c o m p o u n d s  th r o u g h  f o o d  
c o n s u m p t io n  i s  a  p o te n t ia l  p a th w a y  fo r  h u m a n  h e a lth  a n d  u n d e r s ta n d in g  t h e  f o o d - r e la t e  
a s p e c t s  o f  o u r  e x p o s o m e .
4. CONCLUSIONS
I n  t h is  s tu d y ,  t h e  u p ta k e  o f  s e v e n  o r g a n ic  c o n t a m in a n ts  in c lu d in g  b is p h e n o l  A ,  
e s tr io l ,  2 ,4 - d in i t r o t o lu e n e ,  D E E T , c a r b a m a z e p in e ,  a c e ta m in o p h e n , a n d  l in c o m y c in  b y  
to m a t o ,  w h e a t  a n d  c o r n  w a s  in v e s t ig a t e d .  T h e  a n a ly s e s  in d ic a t e d  c a r b a m a z e p in e  a n d  
l in c o m y c in  a s  t w o  m o d e r a t e ly  h y d r o p h o b ic  c o m p o u n d s  h a v e  a v e r a g e  T S C F  v a lu e s  o f  0 .7 9  
a n d  0 .4 3 ,  r e s p e c t iv e ly .  T h e  u p ta k e  fo r  t h e  o th e r  fo u r  c o m p o u n d s  in c lu d in g  D E E T , e s tr io l ,  
a c e t a m in o p h e n  a n d , b i s p h e n o l  A  w a s  0 .3 4 ,  0 .2 9 ,  0 .2 2 ,  a n d  0 .1 ,  r e s p e c t iv e ly .  T h e  2 ,4 -  
d in i tr o to lu e n e  w a s  n o t  d e t e c te d  in  b o th  p la n t s  ( s t e m  tr a n s p ir a t io n  s tr e a m )  a n d  s o lu t io n  
s a m p le s  f r o m  e x p o s u r e  m e d ia .  C o n s id e r in g  t h e  w id e  r a n g e  o f  p r o p e r t ie s  fo r  t h e  t e s t e d  
c h e m ic a l s  in  t h is  s tu d y , it  w a s  c o n c lu d e d  th a t  p h y s ic o c h e m ic a l  p r o p e r t ie s  o f  t h e  c o m p o u n d s  
c a n  d e s c r ib e  t h e  u p ta k e  r e la t iv e ly  w e l l .  H o w e v e r ,  t h e  e f f e c t s  o f  d e g r a d a t io n , p a r t it io n in g  
t o  v a r io u s  p la n t  t i s s u e s ,  a n d  t o x ic i t y  s h o u ld  a ls o  b e  c o n s id e r e d  in  fu tu r e  s tu d ie s .  T h e  im p a c t  
o f  t h e s e  f a c t o r s  w e r e  c o n f ir m e d  b y  f in d in g s  o f  t h is  s tu d y  a n d  a s s e s s in g  p u b l is h e d  lite r a tu r e ,  
a s  t h e  N N  m o d e l  p r e d ic te d  a v e r a g e  T S C F  o f  0 .7 3 ,  2 ,4 - d in i t r o t o lu e n e  w a s  n o t  d e t e c te d  in
110
a n y  o f  t h e  th r e e  p la n t  n o t  th e  s u b s u r fa c e  e x p o s u r e  m e d ia  p o s s ib ly  d u e  t o  d e g r a d a t io n . T h e  
N N  m o d e l  p r e d ic t io n  T S C F  is  c l o s e  a g r e e m e n t  w it h  t h e  T S C F  o f  0 .7 8  r e p o r te d  fo r  an  
e x p e r im e n t  u n d e r  s t e r i l iz e d  c o n d it io n s  ( S u  a n d  L ia n g ,  2 0 1 1 ) .  F in d in g s  a ls o  c o n c lu d e d  th a t  
t o m a t o  w a s  t h e  s p e c i e s  w i t h  t h e  h ig h e s t  u p ta k e  a n d  t r a n s lo c a t io n  e f f i c i e n c y ,  f o l l o w e d  b y  
w h e a t  a n d  c o r n . W h i le  t h is  s tu d y  c a n n o t  p r o je c t  a  th o r o u g h  u n d e r s ta n d in g  a b o u t  v a r ia b i l i t y  
in  u p ta k e  o f  c h e m ic a ls  b y  d if f e r e n t  p la n t  s p e c ie s  o r  t h e  r e a s o n s  b e h in d  s u c h  a  v a r ia b il i t y ,  
t h e  in s ig h t  g a in e d  c a n  le a d  fu r th e r  r e s e a r c h  a n d  t h e  e n h a n c e d  u n d e r s ta n d in g  o f  t h e  m u lt ip le  
p h y s ic o c h e m ic a l  p r o p e r t ie s  in v o lv e d  w i l l  b e  o f  g r e a t  im p o r ta n c e  in  fu tu r e  s tu d ie s .  
A d d r e s s in g  t h e s e  q u e s t io n s  is  a  fu tu r e  r e s e a r c h  n e e d  th a t  w i l l  b e n e f i t  f r o m  m o r e  p r e c is e  
p r e d ic t iv e  m o d e ls .
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SECTION
3. CONCLUSIONS AND RECOMMENDATIONS
3.1. CONCLUSIONS
Environmental contaminants have long been known to cross plant root membranes, 
and their subsequent translocation to the edible parts is a pathway for potential human 
exposure to the increasing number of emerging contaminants. Concerns about human 
health risks associated with the long-term exposure to the emerging contaminants through 
food consumption are growing and drawing increased attention to food security concerns. 
Thus, improved understanding of the fate of contaminants in plants is a fundamental step 
for the risk assessment. Numerous efforts to develop mathematical relationships and relate 
TSCF to single compound properties (mainly log Kow or Log Kd) in empirical models. 
However, these relationships generally suffer from low accuracy for many compounds and 
are limited to specific compounds or plant species. To better understand the fate of 
emerging contaminants and their relations with human health, new and novel techniques 
should be employed. Machine learning and statistical analysis are capable tools to 
investigate the fate of contaminants in the environment, and then to assess the risks 
associated with human long-term exposure to the contaminants. Using these novel 
techniques, the importance and role was elucidated for other physicochemical properties 
such as molecular weight (MW), hydrogen bond donor (HBD), hydrogen bond acceptor 
(HBA), rotatable bonds (RB), and polar surface area (PSA). These parameters should be 
considered in assessing potential emerging pollutants that may enter the food chain through
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plant uptake. The log Kow, MW, HBD, and RB were the most important compound 
properties for the uptake of organic contaminants. The log Kow was the most significant 
property, MW was the second most important, and HBD and RB were two properties with 
similar importance.
Machine learning is also capable to assess the synergistic impacts of the properties 
on the uptake and translocation of contaminants in plants. Using fuzzy logic, new 
relationships were offered between lipophilicity (log Kow) and uptake as described by 
transpiration steam concentration factor (TSCF). For the compounds with lower molecular 
weight, the discovered relation between log Kow and TSCF is sigmoidal while for the 
compounds with higher molecular weight the relation between log Kow and TSCF is bell- 
shape. The finding clarifies decades o f uncertainty and confounding results. This machine 
learning technique showed high capabilities to investigate translocation of contaminants in 
plants by obtaining physicochemical cutoffs. It was found that the physicochemical cutoffs 
for contaminants in the edible parts of the plants are more similar to the cutoffs for 
compounds crossing plant root membranes (in xylem transpiration stream) than the cutoffs 
for compounds accumulating in the plant roots. These findings were also supported by 
clustering of environmental contaminants using k-means clustering algorithm. Through the 
comparison of the physicochemical cutoffs for the compound crossing plant root 
membrane and physicochemical cutoffs for drugs crossing intestinal membrane, similarity 
was uncovered that compounds crossing plant root membrane possibly can also cross 
intestinal membrane. The physicochemical cutoffs for the plants were actually lower, and 
therefore more restrictive, than the physicochemical cutoffs for the drugs administered 
orally.
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M o d e l in g  a n d  p r e d ic t io n  o f  e n v ir o n m e n ta l  c o n t a m in a n ts  in  v a r io u s  p a r ts  o f  th e  
p la n t s  w a s  a ls o  p e r fo r m e d  u s in g  m a c h in e  le a r n in g  t e c h n iq u e s  o f  n e u r a l n e t w o r k s ,  r e s u lt in g  
in  im p r o v e d  a c c u r a c ie s .  P h y s ic o c h e m i c a l  p r o p e r t ie s  o f  c h e m ic a l  c o m p o u n d s  are  t h e  m o s t  
im p o r ta n t  f a c t o r s  t o  p r e d ic t  u p ta k e  a n d  t r a n s lo c a t io n  o f  e m e r g in g  c o n t a m in a n ts  in  p la n ts .  
T h e  m o s t  im p o r ta n t  p h y s ic o c h e m ic a l  p r o p e r t ie s  r e la t in g  t o  d is t r ib u t io n  w e r e  fo u n d  to  b e  
a ls o  b e  l ip o p h i l ic i t y ,  m o le c u la r  w e ig h t ,  h y d r o g e n  b o n d  d o n o r s ,  a n d  r o ta ta b le  b o n d s .  
H o w e v e r ,  t h e  r o le  o f  o th e r  f a c to r s  s u c h  a s  p la n t  p r o p e r t ie s  a n d  s o i l  c h a r a c te r is t ic s  s h o u ld  
b e  c o n s id e r e d  t o  im p r o v e  t h e  a c c u r a c y  o f  p r e d ic t io n s .  T h e  n e u r a l n e t w o r k  m o d e l  p r e d ic te d  
t h e  T S C F  a n d  R C F  w it h  h ig h e r  a c c u r a c y  th a n  p r e v io u s  m o d e ls  u s in g  p h y s ic o c h e m ic a l  
p r o p e r t ie s .
T o  g e n e r a t e  n e w  u p ta k e  d a ta  a n d  a ls o  t e s t  d e v e lo p e d  m o d e ls ,  v a r io u s  o r g a n ic  
c h e m ic a l s  w e r e  t e s t e d  in  t h e  u p ta k e  e x p e r im e n ts .  C o m p o u n d s  o f  u n iq u e  p r o p e r t ie s  w e r e  
s e le c t e d  t o  f u l f i l l  u n iq u e  s p a c e  in  p h y s io c h e m ic a l  p r o p e r t ie s .  C a r b a m a z e p in e  an d  
l in c o m y c in  a s  m o d e r a t e ly  h y d r o p h o b ic  c o m p o u n d s  h a d  m e a s u r e d  a v e r a g e  T S C F s  o f  0 .7 9  
a n d  0 .4 3 .  T h e  T S C F s  fo r  D E E T , e s tr io l ,  a c e t a m in o p h e n  a n d , b is p h e n o l  A  w e r e  0 .3 4 ,  0 .2 9 ,  
0 .2 2 ,  a n d  0 .1 ,  r e s p e c t iv e ly .  T h e  2 ,4 - d in i t r o t o lu e n e  w a s  n o t  d e t e c te d  in  p la n t  s te m  
t r a n s p ir a t io n  s tr e a m  a n d  s o lu t io n  s a m p le s  f r o m  e x p o s u r e  m e d ia . W it h  t h e s e  c h e m ic a l  
c o m p o u n d s  a n d  th r e e  p la n t  s p e c ie s  ( to m a to ,  w h e a t ,  a n d  c o r n )  a  c o n s id e r a b le  n u m b e r  o f  
T S C F  v a lu e  w e r e  g e n e r a t e d  t o  t e s t  d e v e lo p e d  m o d e ls .  F r o m  t h e  c h e m ic a l s  w i t h  u n iq u e  
p r o p e r t ie s ,  r e s u lt s  in d ic a t e d  th a t  p h y s ic o c h e m ic a l  p r o p e r t ie s  c a n  d e s c r ib e  th e  u p ta k e  
r e la t iv e ly  w e l l ,  h o w e v e r ,  t h e  e f f e c t s  o f  o th e r  f a c t o r s  s u c h  a s  d e g r a d a t io n  a n d  p a r t it io n in g  
t o  v a r io u s  p la n t  t i s s u e s  s h o u ld  a ls o  b e  f u l ly  c o n s id e r e d  in  fu tu r e  s tu d ie s .  W ith  im p r o v e d  
m o d e ls ,  v a r ia b i l i t y  o f  p la n t  s p e c i f i c  u p ta k e  w a s  e v a lu a te d .  T o m a to  w a s  t h e  p la n t  s p e c ie s
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w it h  t h e  h ig h e s t  u p ta k e  f o r  th e  m a jo r ity  o f  t h e  u n iq u e  c o m p o u n d s  t e s t e d ,  f o l l o w e d  b y  w h e a t  
a n d  c o r n . W h i le  m e c h a n is m s  o f  t h e  d i f f e r e n c e s  in  s p e c ie s  w a s  n o t  t h o r o u g h ly  u n d e r s to o d ,  
t h e  d i s c o v e r e d  v a r ia b i l i t y  in  u p ta k e  o f  c h e m ic a l s  b y  d if f e r e n t  p la n t  s p e c ie s  w a s  a  u n iq u e  
f in d in g s  a n d  in s ig h t  g a in e d  c a n  b e  g a in e d  f r o m  fu r th e r  r e se a r c h .
P a r t it io n in g  o f  c h e m ic a ls  b e t w e e n  w a te r  a n d  p la n t  r o o t s  is  a n o th e r  fa c to r ,  w h ic h  
a f f e c t  t h e  u p ta k e  a n d  t r a n s lo c a t io n  o f  e n v ir o n m e n ta l  c o n t a m in a n ts  in  p la n ts .  I t  is  g e n e r a l ly  
b e l i e v e d  th a t  c h e m ic a ls  a re  m a in ly  p a r t it io n e d  t o  t h e  l ip id  f r a c t io n  o f  p la n t  r o o ts .  W h i le  
l ip id s  a re  im p o r ta n t  c o n s t i t u e n t s  o f  p la n t  r o o t s ,  t h e  r o le  o f  o th e r  fu n d a m e n ta l  m a te r ia ls  s u c h  
a s  l ig n in ,  c e l lu lo s e ,  a n d  p r o te in  s h o u ld  n o t  b e  ig n o r e d . T h e  f r a c t io n  o f  t h e s e  fu n d a m e n ta l  
m a te r ia ls  in  t h e  p la n t  r o o t s  i s  h ig h e r  th a n  f r a c t io n  o f  l ip id s ,  w h i c h  s u p p o r ts  c o n s id e r in g  th e  
r o le  o f  fu n d a m e n ta l  m a te r ia ls  o th e r  th a n  l ip id s .  D e v e lo p i n g  a  m o d e l  b a s e d  o n  a ll o f  t h e s e  
f u n d a m e n ta l  p la n t  m a te r ia ls  w i l l  in c r e a s e  a c c u r a c y  o f  p r e d ic t in g  u p ta k e  a n d  t r a n s lo c a t io n  
o f  e n v ir o n m e n ta l  c o n ta m in a n ts .  T h e  r e s u lts  o f  o u r  u p ta k e  e x p e r im e n ts  a ls o  s h o w e d  th a t  th e  
u p ta k e  a n d  t r a n s lo c a t io n  i s  a f f e c t e d  b y  v a r io u s  f a c t o r s  a n d  f o c u s in g  o n  o n e  p a r a m e te r  w i l l  
le a d  t o  lo w e r  a c c u r a c ie s  D e g r a d a t io n  o f  c h e m ic a l s  i s  a  d r iv in g  fa c to r ,  w h ic h  n e e d  t o  b e  
ta k e n  in to  a c c o u n t  fo r  t h e  u p ta k e  a n d  t r a n s lo c a t io n  o f  c o n t a m in a n ts  in  p la n ts .
T o  h a v e  a  b e t te r  u n d e r s ta n d in g  a b o u t  t h e  p o s s ib l e  h u m a n  h e a lth  r i s k s  a s s o c ia t e d  
w it h  lo n g - t e r m  e x p o s u r e  t o  e m e r g in g  c o n ta m in a n ts ,  t h e  u s e  o f  n e w  a n d  n o v e l  t e c h n iq u e s  
i s  in e v it a b le .  R e s u l t s  a l s o  in d ic a t e  th e  im p o r ta n c e  th a t  c a n  b e  g a in e d  b y  c o m p a r in g  th e  
u p ta k e  o f  c h e m ic a ls  b y  p la n t s  t o  t h e  u p ta k e  o f  o r a l ly  a d m in is t e r e d  d r u g s  b y  h u m a n  b o d y .  
T h e  t r a n s m e m b r a n e  m ig r a t io n  in  t h e s e  t w o  s e e m in g l y  d is s im i la r  s y s t e m s  a re  in d e e d  
c o n t r o l l e d  b y  t h e  s a m e  p h y s io c h e m ic a l  p r o p e r t ie s .  T o  in v e s t ig a t e  s u c h  s im i la r i t ie s ,  th e  
p r o b le m  s h o u ld  b e  e x a m in e d  in  b o th  la r g e  a n d  m o le c u la r  s c a le s .  M a c h in e  le a r n in g
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t e c h n iq u e s  s u c h  a s  n e u r a l n e t w o r k s ,  f u z z y  lo g ic ,  a n d  c lu s t e r in g  a lg o r it h m s  a re  s o m e  o f  th e  
g r e a t e s t  t o o l s  t o  in v e s t ig a t e  s im ila r it ie s  in  t h e  la r g e  s c a le .  W it h  t h e s e  t e c h n iq u e s ,  p o te n t ia l  
t o  c o m p a r e  t h e  p h y s ic o c h e m ic a l  c u t o f f s  a n d  d e v e l o p  p o ly  p a r a m e te r  m o d e ls  fo r  u p ta k e  in  
b o th  p la n ts  a n d  h u m a n  b o d y .  M e a s u r in g  m e m b r a n e  p e r m e a b i l i ty  in  b o th  s y s t e m s  i s  a n o th e r  
f u n d a m e n ta l  i s s u e  t o  g a in  u n d e r s ta n d in g  o v e r  t h e  u p ta k e  o f  c h e m ic a l s  b y  p la n t s  a n d  in to  
t h e  h u m a n  b o d y .  M e m b r a n e  p e r m e a b i l i ty  c a n  b e  m e a s u r e d  u s in g  s im u la t io n  t e c h n iq u e s  
e x a m in in g  t h e  in te r a c t io n s  o f  c h e m ic a ls  w i t h  b io lo g ic a l  m e m b r a n e s  in  a  m o le c u la r  s c a le .
3.2. RECOMMENDATIONS
T h e  u p ta k e  a n d  d is t r ib u t io n  o f  e m e r g in g  c o n t a m in a n ts  in  p la n t s  c a n  b e  c o r r e la te d  
w it h  t h e  p a r t it io n in g  o f  c h e m ic a l s  t o  t h e  fu n d a m e n ta l  m a te r ia ls  a n d  v a r ia t io n  o f  t h e s e  
m a te r ia ls  in  d if f e r e n t  p la n t  t is s u e s .  H o w e v e r ,  u n d e r s ta n d in g  i s  s t i l l  la c k in g  a b o u t  th e  r o le  
o f  fu n d a m e n ta l  p la n t  m a te r ia ls  in  t h e  u p ta k e  a n d  d is t r ib u t io n  o f  e m e r g in g  c o n ta m in a n ts .  
W it h  t h e  im p r o v e d  u n d e r s ta n d in g  o f  h o w  p h y s ic o c h e m ic a l  p r o p e r t ie s  a re  in te r r e la te d  to  
c o n tr o l  u p ta k e ,  t h e  im p a c t  o n  p a r t it io n in g  t o  s p e c i f i c  p la n t  m a te r ia ls  i s  w i t h in  r e a c h . W h i le  
e x p e r im e n ta l  s t u d ie s  a re  g o o d ,  f o r  a n  im p r o v e d  u n d e r s ta n d in g  o f  t h e  u p ta k e  an d  
t r a n s lo c a t io n  o f  c h e m ic a l s  in  p la n ts ,  t h e  u s e  o f  n e w  a n d  n o v e l  a p p r o a c h e s  i s  in e v ita b le .  
C o n s id e r in g  t h e  p h y s ic o c h e m ic a l  c u t o f f s  fo r  o r g a n ic  c o m p o u n d s ,  t h e r e  s h o u ld  b e  
s im ila r it ie s  b e t w e e n  tr a n s m e m b r a n e  p e r m e a b i l i ty  in  p la n t s  a n d  m a m m a lia n .  N e w  a n d  
n o v e l  s im u la t io n  t e c h n iq u e s  a re  a ls o  c a p a b le  t o  e x a m in e  t h e  s im ila r it ie s  b e t w e e n  v a r io u s  
b io lo g ic a l  m e m b r a n e s  in  p la n t  r o o t s  a n d  m a m m a lia n .  T o  a d v a n c e  t h e  fu n d a m e n ta l  
k n o w le d g e  o f  p la n t  u p ta k e  a n d  t r a n s lo c a t io n  o f  e m e r g in g  c o n ta m in a n ts ,  b y  c o n s id e r in g  th e
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im p o r ta n c e  o f  p h y s ic o c h e m ic a l  p r o p e r t ie s  a n d  fu n d a m e n ta l  p la n t  m a te r ia ls ,  th e  f o l l o w in g  
r e s e a r c h  n e e d s  a re  p r o p o s e d  fo r  t h e  fu tu r e  e f fo r ts :
T h e  im p o r ta n c e  o f  fu n d a m e n ta l  p la n t  m a te r ia ls  f o r  th e  d is t r ib u t io n  o f  e m e r g in g  
c o n t a m in a n ts  in  p la n t s  s h o u ld  b e  in v e s t ig a t e d :  L ip id  f r a c t io n  o f  p la n t  r o o t s  p la y s  a  p iv o t a l  
r o le  in  t h e  u p ta k e  o f  c o n t a m in a n ts  a n d  th e ir  s u b s e q u e n t  t r a n s lo c a t io n  t o  t h e  a r e a l p a r ts . T h e  
r o le  o f  o th e r  fu n d a m e n ta l  m a te r ia ls  s u c h  a s  l ig n in ,  c e l lu lo s e ,  a n d  p r o te in s  o n  t h e  u p ta k e  o f  
c o n t a m in a n ts  b y  p la n t  r o o t s ,  a n d  th e ir  t r a n s lo c a t io n  t o  o th e r  p a r ts  o f  th e  p la n t s  w o r t h  
in v e s t ig a t io n .  T h e  e f f e c t  o f  f r a c t io n s  o f  t h e s e  fu n d a m e n ta l  m a te r ia ls  in  d if f e r e n t  p a r ts  o f  
v a r io u s  p la n t  s p e c ie s  a n d  th e ir  r e la t io n  t o  b io a c c u m u la t io n  o f  c o n t a m in a n ts  a t v a r io u s  p a rts  
o f  t h e  p la n t s  is  a n  o p e n  i s s u e  f o r  t h e  fu tu r e  s tu d ie s .
P a r t it io n in g  o f  e m e r g in g  c o n t a m in a n ts  to  fu n d a m e n ta l  p la n t  m a te r ia ls  n e e d  to  b e  
a s s e s s e d  f r o m  a  m o le c u la r  s ta n d p o in t :  U p t a k e ,  t r a n s lo c a t io n ,  a n d  fa te  o f  t h e  c o n ta m in a n ts  
in  p la n t s  a re  d ir e c t ly  r e la te d  t o  t h e  p a r t it io n in g  o f  c o m p o u n d s  b e t w e e n  w a te r  a n d  p la n t ’ s 
f u n d a m e n ta l  m a te r ia ls  s u c h  a s  l ip id ,  l ig n in ,  a n d  c e l lu lo s e .  M o le c u la r  d y n a m ic s  s im u la t io n  
i s  a  c a p a b le  a p p r o a c h  to  p r o v id e  in s ig h t  in to  th e  fa te  o f  e m e r g in g  c o n t a m in a n ts  in  p la n ts  
b y  a s s e s s in g  a b s o r p t io n  o f  c o n t a m in a n ts  to  t h e  fu n d a m e n ta l  m a te r ia ls  in  a  m o le c u la r  s c a le .  
F u tu r e  s tu d ie s  s h o u ld  a s s e s s  v a r ia b i l i t y  in  p la n t s  in  t e r m s  o f  u p ta k e  a n d  t r a n s lo c a t io n  o f  
v a r io u s  e m e r g in g  c o n ta m in a n ts :  V a r ia b i l i t y  in  th e  u p ta k e  a n d  t r a n s lo c a t io n  o f  e m e r g in g  
c o n t a m in a n ts  in  d if f e r e n t  p la n t  s p e c ie s  h a s  im p l ic a t io n  f o r  b o th  p h y t o r e m e d ia t io n  a n d  f o o d  
s e c u r ity . A r t i f ic ia l  in t e l l i g e n c e  a n d  m a c h in e  le a r n in g  a re  u s e f u l  to  d e te r m in e  th e  v a r ia b i l i t y  
in  d if f e r e n t  p la n t  s p e c ie s .  W it h  s u c h  a s s e s s m e n t s  o n e  c a n  f in d  th e  p la n t  s p e c ie s  w it h  
p o te n t ia l  f o r  p h y t o r e m e d ia t io n ,  a n d  a ls o  p la n t  s p e c ie s  w i t h  h ig h e r  p o s s ib i l i t y  o f  
c o n t a m in a t io n  in  th e ir  e d ib le  p a rts .
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C o m p a r is o n  b e t w e e n  p la n t  u p ta k e  o f  c h e m ic a l  c o m p o u n d s  a n d  h u m a n  u p ta k e  o f  
d r u g - l ik e  c o m p o u n d s  i s  a ls o  in te r e s t in g :  K n o w le d g e  o f  m e m b r a n e  p e r m e a b i l i ty  in  
m a m m a lia n  ( b lo o d - b r a in  b a rr ier , a n d  m e m b r a n e s  in  th e  g a s t r o in t e s t in a l  t r a c t)  a n d  it s  
s im ila r it y  w i t h  p la n t  r o o t  m e m b r a n e  i s  o f  p a r a m o u n t  im p o r ta n c e  fo r  a s s e s s in g  h u m a n  
h e a lth  r is k s , a n d  a ls o  in  d r u g  d e v e lo p m e n t .  A r t i f ic ia l  in t e l l i g e n c e  a n d  m a c h in e  le a r n in g  are  
r o b u s t  t e c h n iq u e s  t o  a s s e s s  t h e  r o le s  o f  p h y s ic o c h e m ic a l  p r o p e r t ie s  in  t h e  u p ta k e  e f f i c i e n c y  
o f  c h e m ic a ls /d r u g s  in  p la n t s /h u m a n s .
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n e tw o r k . S c ie n c e  o f  t h e  to ta l  e n v ir o n m e n t  2 0 1 1 ,  4 1 2 ,  1 4 - 1 9 .
C h e n  L , Z h a n g  S , H u a n g  H , W e n  B ,  C h r is t ie  P . P a r t it io n in g  o f  P h e n a n th r e n e  b y  R o o t  C e ll  
W a lls  a n d  C e l l  W a l l  F r a c t io n s  o f  W h e a t  (T r it ic u m  a e s t iv u m  L .) .  E n v ir o n m e n ta l  
S c ie n c e  &  T e c h n o l o g y  2 0 0 9 ,  4 3 ,  9 1 3 6 - 9 1 4 1 .
C h io u  C T , S h e n g  G , M a n e s  M . A  p a r t i t io n - l im it e d  m o d e l  f o r  t h e  p la n t  u p ta k e  o f  o r g a n ic  
c o n t a m in a n ts  f r o m  s o i l  a n d  w a te r .  E n v ir o n m e n ta l  s c ie n c e  &  t e c h n o lo g y  2 0 0 1 ,  3 5 ,  
1 4 3 7 - 1 4 4 4 .
C o l l in s  C D , F in n e g a n  E . M o d e l in g  t h e  p la n t  u p ta k e  o f  o r g a n ic  c h e m ic a ls ,  in c lu d in g  th e  
s o i l -  a i r -  p la n t  p a th w a y . E n v ir o n m e n ta l  s c ie n c e  &  t e c h n o lo g y  2 0 1 0 ,  4 4 ,  9 9 8 - 1 0 0 3 .
D e  C a r v a lh o  R F , B r o m i lo w  R H , G r e e n w o o d  R . U p t a k e  a n d  t r a n s lo c a t io n  o f  n o n - io n i s e d  
p e s t ic id e s  in  t h e  e m e r g e n t  a q u a t ic  p la n t  p a r r o t  f e a th e r  M y r io p h y l lu m  a q u a t ic u m .  
P e s t  M a n a g e m e n t  S c ie n c e :  f o r m e r ly  P e s t i c id e  S c ie n c e  2 0 0 7 ,  6 3 ,  7 9 8 - 8 0 2 .
D e t t e n m a ie r  E . M e a s u r in g  a n d  M o d e l in g  o f  P la n t  R o o t  U p t a k e  o f  O r g a n ic  C h e m ic a ls .  
2 0 0 8 ,  A l l  G r a d u a te  T h e s e s  a n d  D is s e r t a t io n s .  18 . 
h t t p s : / /d ig i t a lc o m m o n s .u s u .e d u /e t d /1 8 .
D e t t e n m a ie r  E , D o u c e t t e  W J . M in e r a l i z a t io n  a n d  P la n t  U p t a k e  o f  1 4 c - L a b e le d  
N o n y lp h e n o l ,  N o n y l p h e n o l  T e tr a e t h o x y la te ,  a n d  N o n y l p h e n o l  N o n y l e t h o x y la t e  in  
B i o s o l i d s / S o i l  S y s t e m s  P la n te d  w it h  C r e s te d  W h e a tg r a s s .  E n v ir o n m e n ta l  
T o x i c o l o g y  a n d  C h e m is tr y  2 0 0 7 ,  2 6 ,  1 9 3 - 2 0 0 .
D e t t e n m a ie r  E , D o u c e t t e  W , B u g b e e  B . C h e m ic a l  h y d r o p h o b ic i t y  a n d  u p ta k e  b y  p la n t  
r o o ts .  E n v ir o n m e n ta l  S c ie n c e  &  T e c h n o l o g y  2 0 0 9 ,  4 3 ,  3 2 4 - 3 2 9 .
D o u c e t t e  W J , S h u n th ir a s in g h a m  C , D e t t e n m a ie r  E M , Z a le s k i  R T , F a n tk e  P , A r n o t  J A . A  
R e v i e w  o f  M e a s u r e d  B io a c c u m u la t io n  D a ta  o n  T e r r e s tr ia l P la n t s  fo r  O r g a n ic  
C h e m ic a ls :  M e t r ic s ,  V a r ia b il i ty ,  a n d  t h e  N e e d  fo r  S ta n d a r d iz e d  M e a s u r e m e n t  
P r o t o c o l s .  E n v ir o n m e n ta l  T o x i c o l o g y  a n d  C h e m is tr y  2 0 1 8 ,  3 7 ,  2 1 - 3 3 .
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E g g e n  T , H e im s ta d  E S ,  S tu a n e s  A O , N o r l i  H R . U p t a k e  a n d  t r a n s lo c a t io n  o f  
o r g a n o p h o s p h a t e s  a n d  o th e r  e m e r g in g  c o n ta m in a n ts  in  f o o d  a n d  f o r a g e  c r o p s .  
E n v ir o n m e n ta l  S c ie n c e  a n d  P o l lu t io n  R e s e a r c h  2 0 1 3 ,  2 0 ,  4 5 2 0 - 4 5 3 1 .
E P A , E c o lo g ic a l  E f f e c t s  T e s t  G u id e l in e s  O C S P P  8 5 0 .4 8 0 0 :  P la n t  U p t a k e  an d  
T r a n s lo c a t io n  T e s t ,  2 0 1 2 .
F a n tk e  P , A r n o t  J A , D o u c e t t e  W J . I m p r o v in g  p la n t  b io a c c u m u la t io n  s c i e n c e  th r o u g h  
c o n s is t e n t  r e p o r t in g  o f  e x p e r im e n ta l  d a ta . J o u rn a l o f  e n v ir o n m e n ta l  m a n a g e m e n t  
2 0 1 6 ,  1 8 1 , 3 7 4 - 3 8 4 .
F r e d r ic k s o n  D R , S h e a  P J . E f f e c t  o f  s o i l  p H  o n  d e g r a d a t io n , m o v e m e n t ,  a n d  p la n t  u p ta k e  
o f  c h lo r s u lfu r o n . W e e d  S c ie n c e  1 9 8 6 ,  3 4 ,  3 2 8 - 3 3 2 .
G o b a s  F A , B u r k h a r d  L P , D o u c e t t e  W J , S a p p in g to n  K G , V e r b r u g g e n  E M , H o p e  B K , e t  al. 
R e v i e w  o f  e x i s t in g  te r r e s tr ia l b io a c c u m u la t io n  m o d e ls  a n d  te r r e s tr ia l  
b io a c c u m u la t io n  m o d e l in g  n e e d s  fo r  o r g a n ic  c h e m ic a ls .  I n te g r a te d  e n v ir o n m e n ta l  
a s s e s s m e n t  a n d  m a n a g e m e n t  2 0 1 6 ,  1 2 , 1 2 3 - 1 3 4 .
G r u n d m a n n  S , D o e r f l e r  U ,  M u n c h  JC , R u th  B ,  S c h r o ll  R . I m p a c t  o f  s o i l  w a te r  r e g im e  o n  
d e g r a d a t io n  a n d  p la n t  u p ta k e  b e h a v io u r  o f  t h e  h e r b ic id e  is o p r o tu r o n  in  d if f e r e n t  
s o i l  t y p e s .  C h e m o s p h e r e  2 0 1 1 ,  8 2 ,  1 4 6 1 - 1 4 6 7 .
G u h a  S , M is h r a  N .  C lu s te r in g  d a ta  s tr e a m s . D a t a  S tr e a m  M a n a g e m e n t .  S p r in g e r , 2 0 1 6 ,  p p . 
1 6 9 - 1 8 7 .
H a y k in  S S . N e u r a l  n e t w o r k s  a n d  le a r n in g  m a c h in e s .  V o l  3: P e a r s o n  U p p e r  S a d d le  R iv e r ,  
N J , U S A ,  2 0 0 9 .
H s u  F C , M a r x m il le r  R L , Y a n g  A Y . S tu d y  o f  r o o t  u p ta k e  a n d  x y le m  tr a n s lo c a t io n  o f  
c in m e t h y l in  a n d  r e la te d  c o m p o u n d s  in  d e t o p p e d  s o y b e a n  r o o t s  u s in g  a  p r e s s u r e  
c h a m b e r  t e c h n iq u e .  P la n t  P h y s io lo g y  1 9 9 0 ,  9 3 ,  1 5 7 3 - 1 5 7 8 .
K a r r m a n  A , E r ic s o n  I, v a n  B a v e l  B ,  D a r n e r u d  P O , A u n e  M , G ly n n  A , e t  a l. E x p o s u r e  o f  
p e r f lu o r in a te d  c h e m ic a l s  th r o u g h  la c ta t io n :  l e v e l s  o f  m a tc h e d  h u m a n  m i lk  a n d  
s e r u m  a n d  a  t e m p o r a l  tr e n d , 1 9 9 6 - 2 0 0 4 ,  in  S w e d e n .  E n v ir o n m e n ta l  H e a lt h  
P e r s p e c t iv e s  2 0 0 7 ,  1 1 5 ,  2 2 6 - 2 3 0 .
K a u r  A , K a u r  A . C o m p a r is o n  o f  f u z z y  l o g i c  a n d  n e u r o - f u z z y  a lg o r it h m s  f o r  a ir  
c o n d it io n in g  s y s t e m . In te r n a t io n a l jo u r n a l  o f  s o f t  c o m p u t in g  a n d  e n g in e e r in g  2 0 1 2 ,  
2 ,  4 1 7 - 2 0 .
K o r f  R E . A r t i f ic ia l  in t e l l i g e n c e  s e a r c h  a lg o r ith m s :  C o m p u te r  S c ie n c e  D e p a r tm e n t ,  
U n iv e r s i t y  o f  C a lifo r n ia ,  1 9 9 6 .
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L im m e r  M A , B u r k e n , J. G ., P la n t  T r a n s lo c a t io n  o f  O r g a n ic  C o m p o u n d s :  M o le c u la r  a n d  
P h y s ic o c h e m i c a l  P r e d ic to r s .  E n v ir o n m e n ta l  S c ie n c e  &  T e c h n o l o g y  L e t t e r s  2 0 1 4 ,  
1, 1 5 6 - 1 6 1 .
L ip in s k i  C A , L e a d -  a n d  D r u g - L ik e  C o m p o u n d s :  T h e  R u l e - o f - F iv e  R e v o lu t io n .  D r u g  
D i s c o v e r y  T o d a y :  T e c h n o l o g ie s  2 0 0 4 ,  1, 3 3 7 - 3 4 1 .
M a r t in e z  F , L a z o  Y ,  F e r n a n d e z - G a lia n o  R , M e r in o  J. C h e m ic a l  c o m p o s i t io n  a n d  
c o n s t r u c t io n  c o s t  fo r  r o o t s  o f  M e d ite r r a n e a n  t r e e s ,  sh ru b  s p e c i e s  a n d  g r a s s la n d  
c o m m u n it ie s .  P la n t , C e ll  &  E n v ir o n m e n t  2 0 0 2 ,  2 5 ,  6 0 1 - 6 0 8 .
M c B r id e  M B ,  S h a y le r  H A ,  S p l i e t h o f f  H M , M it c h e l l  R G , M a r q u e z - B r a v o  L G , F e r e n z  G S ,  
e t  al. C o n c e n tr a t io n s  o f  le a d , c a d m iu m  a n d  b a r iu m  in  u r b a n  g a r d e n - g r o w n  
v e g e t a b le s :  t h e  im p a c t  o f  s o i l  v a r ia b le s .  E n v ir o n m e n ta l  P o l lu t io n  2 0 1 4 ,  1 9 4 ,  2 5 4 ­
2 6 1 .
M c G u in n e s s  M , D o w l in g  D .  P la n t - A s s o c ia t e d  B a c te r ia l  D e g r a d a t io n  o f  T o x i c  O r g a n ic  
C o m p o u n d s  in  S o il .  I n te r n a t io n a l J o u r n a l o f  E n v ir o n m e n ta l  R e s e a r c h  a n d  P u b l ic  
H e a lt h  2 0 0 9 ,  6 , 2 2 2 6 - 2 2 4 7 .
M c K o n e  T E , M a d d a le n a  R L . P la n t  u p ta k e  o f  o r g a n ic  p o l lu ta n ts  f r o m  so il:  b io c o n c e n t r a t io n  
e s t im a t e s  b a s e d  o n  m o d e ls  a n d  e x p e r im e n ts .  E n v ir o n m e n ta l  T o x i c o l o g y  a n d  
C h e m is tr y :  A n  In te r n a t io n a l J o u rn a l 2 0 0 7 ,  2 6 ,  2 4 9 4 - 2 5 0 4 .
M i t c h e l l  R , M ic h a ls k i  J, C a r b o n e ll  T . A n  a r t if ic ia l  i n t e l l i g e n c e  a p p r o a c h :  S p r in g e r , 2 0 1 3 .
P ic o  Y ,  A lv a r e z - R u iz  R , A lfa r h a n  A H , E l - S h e ik h  M A , A lo b a id  S M , B a r c e lo  D .  U p t a k e  
a n d  a c c u m u la t io n  o f  e m e r g in g  c o n ta m in a n ts  in  s o i l  a n d  p la n t  t r e a te d  w it h  
w a s t e w a t e r  u n d e r  r e a l- w o r ld  e n v ir o n m e n ta l  c o n d it io n s  in  t h e  A l  H a y e r  a r e a  (S a u d i  
A r a b ia ) .  S c ie n c e  o f  t h e  T o ta l  E n v ir o n m e n t  2 0 1 9 ,  6 5 2 ,  5 6 2 - 5 7 2 .
N a ir  D N ,  P a d m a v a th y  S . I m p a c t  o f  E n d o p h y t ic  M ic r o o r g a n is m s  o n  P la n ts ,  E n v ir o n m e n t  
a n d  H u m a n s .  T h e  S c ie n t i f i c  W o r ld  J o u r n a l 2 0 1 4 ,  2 5 0 6 9 3 .
h t t p s : / / d o i .o r g / 1 0 .1 1 5 5 / 2 0 1 4 / 2 5 0 6 9 3 .
P u l la g u r a la  V L R , R a w a t  S , A d is a  IO , H e r n a n d e z - V ie z c a s  J A , P e r a l t a -V id e a  J R , G a r d e a -  
T o r r e s d e y  JL . P la n t  u p ta k e  a n d  t r a n s lo c a t io n  o f  c o n t a m in a n ts  o f  e m e r g in g  c o n c e r n  
in  s o i l .  S c ie n c e  o f  t h e  T o ta l  E n v ir o n m e n t  2 0 1 8 ,  6 3 6 ,  1 5 8 5 - 1 5 9 6 .
P u s s e m ie r  L . M o d e l  c a l c u la t io n s  a n d  m e a s u r e m e n t s  o f  u p ta k e  a n d  t r a n s lo c a t io n  o f  
c a r b a m a te s  b y  b e a n  p la n ts .  C h e m o s p h e r e  1 9 9 1 ,  2 2 ,  3 2 7 - 3 3 9 .
R e in  A , L e g in d  C N , T r a p p  S . N e w  c o n c e p t s  f o r  d y n a m ic  p la n t  u p ta k e  m o d e ls .  S A R  a n d  
Q S A R  in  E n v ir o n m e n ta l  R e s e a r c h  2 0 1 1 ,  2 2 ,  1 9 1 - 2 1 5 .
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R o b in s o n  B H , M i l l s  T M , P e t i t  D ,  F u n g  L E , G r e e n  S R , C lo th ie r  B E . N a tu r a l a n d  in d u c e d  
c a d m iu m - a c c u m u la t io n  in  p o p la r  a n d  w i l lo w :  I m p l ic a t io n s  fo r  p h y to r e m e d ia t io n .  
P la n t  a n d  S o i l  2 0 0 0 ,  2 2 7 ,  3 0 1 - 3 0 6 .
R u s s e l l  SJ, N o r v ig  P . A r t i f ic ia l  in t e l l ig e n c e :  a  m o d e r n  a p p r o a c h :  M a la y s ia ;  P e a r s o n  
E d u c a t io n  L im it e d ,  2 0 1 6 .
S c h r ie v e r  C , L a m s h o e f t  M . L ip o p h i l ic i t y  m a tte r s  -  A  n e w  lo o k  at e x p e r im e n ta l  p la n t  
u p ta k e  d a ta  f r o m  lite r a tu r e . S c ie n c e  o f  T h e  T o ta l  E n v ir o n m e n t  2 0 2 0 ,  7 1 3 ,  1 3 6 6 6 7 .
S h a r ifa n  H , B a g h e r i  M , W a n g  D ,  B u r k e n  JG , H ig g i n s  C P , L ia n g  L , L iu  J, S c h a e f e r  C E , 
B l o t e v o g e l  J. F a te  a n d  tr a n sp o r t  o f  p e r -a n d  p o ly f lu o r o a lk y l  s u b s t a n c e s  ( P F A S s )  in  
t h e  v a d o s e  z o n e .  S c ie n c e  o f  T h e  T o ta l  E n v ir o n m e n t  2 0 2 1 ,  7 7 1 ,  1 4 5 4 2 7 .
S h a h id  M , D u m a t  C , K h a lid  S , S c h r e c k  E , X io n g  T , N ia z i  N K .  F o l ia r  h e a v y  m e ta l  u p ta k e ,  
t o x i c i t y  a n d  d e t o x i f i c a t io n  in  p la n ts :  A  c o m p a r is o n  o f  f o l ia r  a n d  r o o t  m e ta l  u p ta k e .  
J o u r n a l o f  h a z a r d o u s  m a te r ia ls  2 0 1 7 ,  3 2 5 ,  3 6 - 5 8 .
S h o n e  M , B a r t le t t  B ,  W o o d  A V . A  c o m p a r is o n  o f  t h e  u p ta k e  a n d  t r a n s lo c a t io n  o f  s o m e  
o r g a n ic  h e r b ic id e s  a n d  a  s y s t e m ic  f u n g ic id e  b y  b a r le y :  II. R e la t io n s h ip  b e t w e e n  
u p ta k e  b y  r o o t s  a n d  t r a n s lo c a t io n  t o  s h o o ts .  J o u rn a l o f  E x p e r im e n ta l  B o t a n y  1 9 7 4 ,  
2 5 ,  4 0 1 - 4 0 9 .
S ic b a ld i  F , S a c c h i  G A , T r e v is a n  M , D e l  R e  A A . R o o t  u p ta k e  a n d  x y le m  t r a n s lo c a t io n  o f  
p e s t ic id e s  f r o m  d if f e r e n t  c h e m ic a l  c la s s e s .  P e s t  M a n a g e m e n t  S c ie n c e  1 9 9 7 ,  5 0 ,  
1 1 1 - 1 1 9 .
T a n  W W , C h u a  T W . U n c e r ta in  r u le -b a s e d  f u z z y  lo g i c  s y s t e m s :  in tr o d u c t io n  a n d  n e w  
d ir e c t io n s  ( M e n d e l ,  J M ; 2 0 0 1 ) [ b o o k  r e v ie w ] .  I E E E  C o m p u ta t io n a l  I n t e l l ig e n c e  
M a g a z in e  2 0 0 7 ,  2 ,  7 2 - 7 3 .
T e n g  Y ,  W u  J, L u  S , W a n g  Y ,  J ia o  X ,  S o n g  L . S o i l  a n d  s o i l  e n v ir o n m e n ta l  q u a li ty  
m o n it o r in g  in  C h in a : a  r e v ie w .  E n v ir o n m e n t  in te r n a t io n a l 2 0 1 4 ,  6 9 ,  1 7 7 - 1 9 9 .
T r a p p  S . P la n t  u p ta k e  a n d  tr a n sp o r t  m o d e ls  fo r  n e u tr a l a n d  io n i c  c h e m ic a ls .  E n v ir o n m e n ta l  
S c ie n c e  a n d  P o l lu t io n  R e s e a r c h  2 0 0 4 ,  1 1 , 3 3 - 3 9 .
T r a p p  S . F r u it  t r e e  m o d e l  fo r  u p ta k e  o f  o r g a n ic  c o m p o u n d s  f r o m  s o i l  a n d  air. S A R  a n d  
Q S A R  in  E n v ir o n m e n ta l  R e s e a r c h  2 0 0 7 ,  1 8 , 3 6 7 - 3 8 7 .
W e n  B ,  W u  Y ,  Z h a n g  H , L iu  Y ,  H u  X ,  H u a n g  H , e t  al. T h e  r o le s  o f  p r o te in  a n d  l ip id  in  th e  
a c c u m u la t io n  a n d  d is t r ib u t io n  o f  p e r f lu o r o o c ta n e  s u lf o n a t e  ( P F O S )  an d  
p e r f lu o r o o c ta n o a t e  ( P F O A )  in  p la n t s  g r o w n  in  b io s o l id s - a m e n d e d  s o i l s .  
E n v ir o n m e n ta l  p o l lu t io n  2 0 1 6 ,  2 1 6 ,  6 8 2 - 6 8 8 .
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W ils o n  H , B o o t s  B ,  M i l lw a r d  A A . A  c o m p a r is o n  o f  h ie r a r c h ic a l  a n d  p a r t it io n a l c lu s t e r in g  
t e c h n iq u e s  f o r  m u lt is p e c tr a l  im a g e  c la s s i f ic a t io n .  I E E E  I n te r n a tio n a l G e o s c i e n c e  
a n d  R e m o t e  S e n s in g  S y m p o s iu m . 3 . I E E E , 2 0 0 2 ,  p p . 1 6 2 4 - 1 6 2 6 .
Z a d e h  L A . F u z z y  lo g ic .  C o m p u te r  1 9 8 8 ,  2 1 ,  8 3 - 9 3 .
Z h a n g  M , Z h u  L . S o r p t io n  o f  P o l y c y c l i c  A r o m a t ic  H y d r o c a r b o n s  t o  C a r b o h y d r a te s  a n d  
L ip id s  o f  R y e g r a s s  R o o t  a n d  I m p l ic a t io n s  f o r  a  S o r p t io n  P r e d ic t io n  M o d e l .  
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T h e  p r o f e s s io n a l  c a r e e r  o f  M a j id  B a g h e r i  in  C iv i l  E n g in e e r in g  s ta r te d  in  2 0 0 5  w it h  
t h e  b e g in n in g  o f  A s s o c i a t e ’ s d e g r e e  p r o g r a m  a t t h e  T e c h n ic a l  a n d  V o c a t io n a l  C o l l e g e  o f  
T e h r a n - E n g h e la b  E s la m i  in  Iran . A f t e r  t w o  y e a r s ,  h e  e n r o l le d  in  B a c h e lo r ’ s d e g r e e  
p r o g r a m  a n d  r e c e iv e d  m y  B a c h e lo r  in  C iv i l  E n g in e e r in g  ( C o n s t r u c t io n )  a t T e c h n ic a l  an d  
V o c a t io n a l  C o l l e g e  o f  K e r m a n s h a h  in  Iran . D u e  t o  t h e  in te r e s t  in  E n v ir o n m e n ta l  
E n g in e e r in g ,  h e  r e c e iv e d  h is  M a s t e r ’ s d e g r e e  a t K . N .  T o o s i  U n iv e r s i t y  o f  T e c h n o lo g y ,  
T e h r a n , Ira n  in  2 0 1 3 .  D u r in g  t h is  p e r io d ,  h e  w o r k e d  o n  d if f e r e n t  p r o b le m s  in  e n v ir o n m e n ta l  
e n g in e e r in g .  W it h  s u c h  e x p e r ie n c e ,  h e  s ta r te d  h is  P h D  in  C iv i l  E n g in e e r in g  ( E n v ir o n m e n t a l  
e m p h a s i s )  a t M is s o u r i  U n iv e r s i t y  o f  S c ie n c e  a n d  T e c h n o l o g y  in  M a y  2 0 1 7 .  A f t e r  w o r k in g  
o n  v a r io u s  r e s e a r c h  p r o b le m s  fo r  fo u r  y e a r s ,  h e  r e c e iv e d  h is  P h D  in  C iv i l  E n g in e e r in g  
( E n v ir o n m e n t a l  e m p h a s i s )  a t M is s o u r i  U n iv e r s i t y  o f  S c i e n c e  a n d  T e c h n o l o g y  in  M a y  2 0 2 1 .
